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Abstract. In modern organizations, the complication of business processes and an increase
in the amount of data make it difficult to make managerial decisions. Especially timely and
accurate identification of problematic business processes is an important condition for improving
the efficiency of the organization. Traditional deterministic and heuristic approaches do not show
sufficient effectiveness in the face of uncertainty. In this article, the possibility of using the Bayesian
probability method to improve approaches to identifying problem business processes is studied. The
Bayesian method allows you to assess the problem probability of processes by combining a priori
knowledge and observation data. The results of the study indicate a high level of flexibility and
interpretation of the proposed approach. The proposed approach was tested on the basis of synthetic
data and the ability to distinguish between problematic and normal business processes was evaluated.
In the course of the study, a quantitative ranking of the risk level of processes was carried out by
calculating aposteriory probabilities. The results obtained showed that the Bayesian model works
stably in conditions of uncertainty compared to traditional methods. In addition, the interpretation
of the results of the model allows us to support the management decision-making process. The
presented method is suitable for practical application in systems for monitoring business processes
and optimizing them.

Keywords: business processes, problem processes, Bayesian method, probability modeling, management decisions, risk

assessment.
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AHHOTauusl. B COBpeMEHHBIX OpraHU3aIMsIX YCIOKHEHHE OU3HEC-TIPOLIECCOB U YBEITHMUCHHE
o0beMa NaHHBIX 3aTPYOHSIOT MPUHATHE YIpaBIeHYeCKHX perieHunil. OcoOOCHHO CBOEBpPEMEHHOE
Y TOYHOE BBISBICHUE MPOOJIEMHBIX OM3HEC-TIPOIECCOB SIBISETCS BAYKHBIM YCIOBHEM ITOBBIIICHHUS
3G PEeKTUBHOCTH PAabOThl OpraHu3aluu. TpaJuLMOHHBIE AETEPMUHHCTUYECKHE U 3BPUCTUYECKHE
HOAXO/Ibl HE MOKA3bIBAIOT 1OCTATOYHOM 3()()EKTUBHOCTH B YCIOBUSAX HEOINpeeIeHHOCTH. B nanHoi
CTaThe HCCIEIYeTCS BO3MOXKHOCTb HCIIOIb30BaHUS 0aileCOBCKOTO BEPOSATHOCTHOIO MeETona Juis
COBEPILIECHCTBOBAHUS ITOIX0/I0B K BBISIBIICHUIO MPOOJIEMHBIX On3Hec-mpoueccoB. baiiecoBckuii MmeTon
MO3BOJISIET OLIEHUTH BEPOSITHOCTH MTPOOIEMHBIX MPOIECCOB MyTEM OOBETMHEHNUS allPHOPHBIX 3HAHUN
Y JIaHHBIX HAaOIIOAeHUN. Pe3ynbraThl HCCIe10BaHUs CBUIETEIILCTBYIOT O BBICOKOM YPOBHE THOKOCTH
Y MHTEPIIPETALNU IPeASIoAKEHHOT0 noaxoaa. [TpeanoxeHHpli moaxoa OblT IPOTECTUPOBAH Ha OCHOBE
CHUHTETHUYECKUX JIAHHBIX U ObLIAa OIIEHEHa CIOCOOHOCTh Pa3iuyaTh MPOOJIEMHBIE M HOpMallbHbIC
OusHec-nporecchl. B xoxe uccnenoBanus ObIIO IPOBEIECHO KOJIMYECTBEHHOE PaH)KUPOBAHHUE YPOBHS
pHICKa TIPOLIECCOB ITyTEM BBIYMCIICHUS AllOCTEPHUOPHBIX BeposTHOCTEH. [lomydeHHbIE pe3ynbTaThl
MoKa3ajau, 4to OaifecoBckas MoJelb CTaOWIBHO pabOTaeT B YCIOBHSIX HEOMPEIEICHHOCTH IO
CPaBHEHMIO C TPaJUIIMOHHBIMU MeToaMU. Kpome Toro, nHTeprpeTanus pe3ysibTaToB padoThl MOJEIH
MO3BOJISIET HaM MOAJIEPXKUBATh MPOLECC NMPHUHATUS yIpaBieHYeckux perneHuil. [IpencraBieHHbIN
METOJ TIPUTOJICH ISl PAKTHYECKOTO NMPUMEHEHHS B CHCTEMaX MOHUTOPUHTA OM3HEC-TPOLIECCOB U
UX OTITUMHU3AIIHH.

KiroueBble ¢J10Ba: GH3HEC-NIPOLIECCHI, MPOOIEMHbBIE MpoLecchl, baileCOBCKHI MeTO/, BEPOSTHOCTHOE MOJCIHPOBAHHE,

YTpaBICHIECKUE PEIICHHs], OIIEHKA PHCKOB.
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Anparna. Kazipri yiieiMaapaa OusHec-pOIECTepiH  KYpIENeHyl >KOHE MOJIIMeTTep
KOJIEMiHIH yiIFalobl OacKapymIbUIBIK —HIemrimMaep KaObuigaynbl KublHAaTanel. [IpoGiemanbik
OM3HEC-NPOLIECTEP/l YaKThIJIbl KOHE JOJI aHBIKTAy YHWBIMHBIH THIMILIITIH apTTHIPYAbIH MaHbI3/bI
mapTel 00k TaObUTambl. J[OCTYpill METEPMHUHHCTIK XOHE IBPUCTUKAIBIK TOCLIAEp Oenrici3mik
JKaFIalbIHa )KETKUTIKTI THIMIUTIKTI Kepcetneiai. by Makamana npobiemanbik Ou3Hec-TiporecTepi
aHBIKTAy TOCUINEPIH S>KETUINIpy YIIiH Oaliec BIKTUMAJIBIFBIHBIH OICIH KOJNJaHy MYMKIHAIr
3eprrenreH. baiiec ozici anpuopiiblK 6171iM MeH Oakbliay IepeKTepiH OipiKTipy apKbUIbI IPOLIECTEPAIH
poOIeManbIK BIKTUMAJIBIFBIH OaranayFa MYMKIHIIK Oepeni. 3epTTey HOTHKENepi MKeMIIUTIKTIH
YKOFaphbl ICHI'€HiH JK9HE YCHIHBIIFAaH TOCUII1 TYCIHAIPY/Al KepceTel. ¥ ChIHBUIFAH TOCLI CHHTETUKAIBIK
MOJIIMETTEP HETI31HJAE TEKCEepUIil, MpOoOIeMalIbIK KOHE KaJbINThl OM3HEC-TIPOILECTeP/l akpIpara
Oty kaOinmeri OaranmaHapl. 3epTTey OapbICBIHIA aANOCTEPHUANIBIK BIKTUMAJIBIKTAPABI €CeNTey
apKbUIbI TPOLIECTEP/iH TOyeKeNl NEHIeHiHIH CaHIBIK PEHTHUHI1 >KYpri3iini. AJBIHFAH HOTHXKeIep
Baiiec MozeiHIH A9CTYpIli 9iCTEpPMEH CaJBICTBIPFaH/Ia OeNTiCi3/iK KaFJalbIHIa TYPAKThl KYMBIC
ictedTiHaIriH kepcerTi. COHbIMEH Karap, MOJEIb HOTHIKEJEPIH TYCIHAIPY OacKapylIbUIbIK IIEIIiM
KaObUI/Iay TIPOIIECIH KoyiayFa MYMKIHAIK Oepemi. ¥ ChIHBUIFAH 9/1ic OM3HEC-TporecTepl Oakpliay
YKOHE OJIapibl OHTAIIaHABIPY JKYHeNepiHae MPaKTHUKAIBIK KOJIJaHyFa KapaM/Ibl.

Tyiiin ce3mep: Om3Hec-mporecTep, mpodieManslk mpouectep, baifec omici, BIKTUMANABUIBIKTBL MOIEIBACLY, OacKapy

mremimepi, Toyexenaepal oaranay.

Introduction. The competitiveness of organizations is directly related to the effectiveness
of their business processes. Incorrect organization of business processes, inefficient allocation of
resources, excessive time consumption and increased risks negatively affect the overall result of the
organization's activities (Ahmad, et al., 2023:1-18). In this regard, the problem of identifying problem
business processes and optimizing them is becoming increasingly relevant in the field of modern
management and Information Systems (Pegoraro, 2022: 1-10). In most cases, the identification of
problem processes is based on qualitative analysis, expert opinion or static indicators. However,
such approaches provide insufficient accuracy in the face of uncertainty and data incompleteness
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(Cheng&Sun,2022: 315-335). In real life, business processes are dynamic. They change under the
influence of various external and internal factors. In this context, probabilistic approaches, especially
the Bayesian method are considered as a promising tool in managerial analysis (Van der Aalst &
Dustdar, 2023:689-704). The Bayesian method allows you to continuously update the initial (a priori)
knowledge with new data. This creates the conditions for creating flexible and adaptive models in
evaluating business processes (Radcliffe&Reklaitis, 2021:1377-1382).

The purpose of the study is to improve approaches to identifying problem business processes
using the Bayesian method and justify its practical effectiveness.

The following scientific novelty of the research follows from the goal. It consists in developing
a Bayesian model for identifying problematic business processes based on calculating a posteriori
probabilities and quantifying the level of risk. The proposed approach provides an interpretable
analysis of business processes in conditions of uncertainty and can be used to support management
decision-making.

Nevertheless, the traditional methods used in the analysis and evaluation of business processes
do not fully cover the complexity and multifactorial nature of processes. Especially complete lack of
data, high noise and changes in processes over time negatively affect the accuracy of management
decisions. In such a situation, static models cannot adequately reflect the real situation and do not
allow timely identification of risks (Maleki Vishkaei, 2024: 755-774). In recent years, there has been a
growing interest in data-driven and intelligent methods in Business Process Analysis. In this direction,
approaches to machine learning, process mining and probability modeling are widely used (Van der
Aalst, 2023:58-65). However, many machine learning models have "a black box" character, making
it difficult to interpret the results obtained. This, in turn, can reduce confidence in the results of the
model in the process of making managerial decisions (Rudin & Molnar, 2024:101-140).

In this context, the main advantage of the Bayesian method is its interpretability and ability
to work in conditions of uncertainty. The Bayesian Probability model, combining a priori knowledge
(expert opinion, historical data) with real observation data, makes it possible to quantify the probability
that business processes are problematic. This approach is not limited to strictly classifying processes
as "problematic" or "normal". Creates conditions for displaying the level of risk on the probability
scale (Van der Aalst, et al., 2024: 227-256).

In addition, the Bayesian method allows you to dynamically monitor Business Processes and
update estimates as new data is received. This property serves as the basis for considering it as an
effective tool for solving the tasks of identifying problem business processes and optimizing them
in a complex, changeable and uncertainty-filled organizational environment (Tiwari& Dumas, 2024:
1-24).

Literature review. Current research takes into account the complex and changeable nature of
business processes. They require methods capable of modeling uncertainty in their analysis. In this
context, Bayesian methods are being considered as a promising direction in identifying problematic
business processes. The article (Prasidis, et al., 2021) recommends using Bayesian networks to
manage the uncertainty that occurs during predictive business Process monitoring (e.g. result/next
step/Time forecast). The authors combined the Directed Acyclic Graph (DAG) derived from the
process model and the conditional probability tables (CPT) learned from the event log data to consider
the prediction not only as a “result”, but in conjunction with the probability/confidence level. As
a result, this approach allows you to identify high-risk situations earlier and highlight cases that
need to be monitored. In this work (Alman et al., 2022:102-133), the PN-BBN model combining
Petri Net and Bayesian network is proposed, which is designed to identify anomalous behaviors in
business processes. The proposed approach is proposed to describe the process structure using Petri
Net. Allows you to estimate the probability of uncertainty and anomaly using the Bayesian network.
The research (Ceravolo, et al., 2024:1-22) concept of predictive process monitoring is systematically
considered. It is devoted to the main approaches to predicting the outcome, duration and next steps of
business processes. The authors also note such pressing issues as data quality, interpretability, working
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with uncertainty. Provides future research directions. This article (Shimono, et al., 2025) discusses
approaches to evaluating the performance of the Bayesian online changepoint detection method. The
ability to accurately and promptly identify points of sharp changes in time data (changepoint) is
analyzed. The method is also tested in a specific application scenario and shown to be effective in
early detection of anomalies in dynamical systems. In this paper (Corneck, et al., 2025: 1-20) the online
Bayesian changepoint detection method for network Poisson processes is proposed. The problem of
determining the points of change in the intensity of events over time is considered. The proposed
approach makes it possible to detect anomalies and structural changes in complex network systems
in real time. In this research (Paape, et al., 2025: 29-52) a simulation-based optimization approach
is considered to improve the performance of the production system. In order to effectively select
parameters, the Bayesian Optimization (BayesOpt) method is used. The results of the study show
that the BayesOpt approach is effective in increasing productivity indicators in complex production
processes. This article (Gonzalez&Zavala, 2024:446-451) presents the Bois (Bayesian Optimization
of Interconnected Systems) method. The problem of effective optimization of complex systems,
consisting of several interconnected systems, was studied. The authors use the Bayesian Optimization
approach to take into account the dependencies between systems and show that there is an opportunity
to increase overall performance. This paper (Sabbatella, et al., 2024:2232-2247) examines approaches
to using the Bayesian Optimization method to optimize simulation-based systems. The authors indicate
that this method allows you to find effective parameters with minimal testing in complex models,
where computational resources are expensive. This article (Maitra, 2024) discusses the adaptive
Bayesian Optimization algorithm. It aims to improve search efficiency by dynamically adapting model
parameters in the optimization process. The proposed approach is proven to show faster and more
stable results in complex and variable problems than traditional Bayesian Optimization methods.
This research (Rauc, et al., 2024) presents the process-aware Bayesian Networks approach. It takes
into account the sequence of events in the event log data. Therefore, it allows to analyze business
processes from a probabilistic point of view. The proposed method is aimed at effective management
of uncertainty in processes and explanatory identification of problem behaviors.

Materials and methods. The research used data-based probabilistic approaches to solve
the problem of identifying problematic business processes. The analysis of business processes,
the formation of synthetic data and the calculation of aposteriory probabilities using the Bayesian
method were used as the basis. The proposed methods are aimed at formally assessing the level of
problematization of processes in the face of uncertainty and supporting managerial decision-making.

3.1. Approaches to Business Process Analysis

The most common methods of Business Process Analysis include: Regulatory and functional
analysis, indicator-based analysis (KPI), process map modeling (BPMN, IDEFO0), risk-based analysis,
etc.

Although these methods allow to describe the structure of processes, it is not always possible
to quantify their problem. In this case, an analysis based on Bayesian methods shows good results.

3.2. Fundamentals of Bayesian method

The Bayesian method is based on probability theory and is characterized by the following basic
formula:

P(A|B) =

(1

here

P(A) is a priori probability;

P(B) is the probability of an argument (evidence);

P(B | A) - conditional probability;

P(A | B) is the aposterior probability.

This method allows you to update the assessment every time new data is obtained.
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3.3. Modeling problem processes by Bayesian method

In the proposed approach, each business process is in a certain state: problematic or normal.
A priori, probability is determined on the basis of expert opinion or historical data. Indicators such as
process time, costs, number of errors, inventory load are used as control data.

P(Problematic Process | Data)

Processes

Figure 1. Aposteriory probability of a business process being problematic

In the course of the study, an artificial data set consisting of 30 business processes was created.
Each process was characterized by the following indicators:

Process time (days) - Normal distribution

Cost increase coefficient-Normal distribution

Number of errors - Poisson distribution.

A priori probability:

P(Problematic)=0.3

This value represents the hypothesis that, according to expert estimates, about 30% of the
process in the organization may be in the risk zone.

3.4. Bayesian model

The aposterior probability for each process was calculated by the following formula:

P(B| A)- P(A)
(B[A)-P(A)+ P(B|-A)- P(—4)

P(A|B) = 5 ()

here:

A - problem state of the process

— A - the state of the process being "normal"

B - process indicators (time, cost, error)

P(B | A) - the likelihood function, representing the probability of observing data B given that
the process is problematic.

Methodology for calculating conditional probabilities: To determine P(B | A) and P(B |
—A), we used probability density functions. For continuous indicators (Time, Cost), the Gaussian
(Normal) distribution was used. For the discrete indicator (Number of Errors), the Poisson distribution
was applied. The final likelihood is calculated as the product of the probabilities of individual
indicators, assuming their conditional independence.

Conditional probabilities were calculated in weighted form depending on the deviation of the
indicators from the norm.
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Table 1. Aposteriory probabilities of business processes (fragment)

Process Time (Days) Cost ratio Errors P(problematic)
P26 5.13 1.28 1 1.000
P18 5.38 1.32 0 1.000
P3 5.78 1.00 4 0.563
P4 6.83 0.68 4 0.563
P21 6.76 1.10 3 0.563
P20 3.31 0.47 2 0.000
P22 4.73 0.88 1 0.000
Causal relationship of the results obtained:
0.6-1.0 range high risk
0.3-0.6 interval requires monitoring
0-0. 3 interval normal process.
To give the result in the form of a graph:
1.0 4 —
5.13 Dlays B8 513 Days, Cost1.28
Eh— 1 Errers
0.8 —
[ 5.38 Days, Cost 132
— 0 Errars
So6 - M- NN .
E
% 6,83 Days, 6.83 Days
o 04 Cost 1.00, Cost 068,  Cost 1.68,
a-n:. 4 Errors 4 Errors 4 Errors
027" T B D T T
331 Days, 4.73 Days,
0.2 gi:f:?' 5‘:‘:3;88-
0.0 - - 2
P26 P18 P3 P4 P21 P20 p22
Business Processes
E Time (Days) é Cost ratio 1. Errors

Figure 2. Aposteriory probabilities of business processes

This is calculated for each business process in the column chart.

P(D | Problematic) - P(Problematic)

P(Problematic | D) = Iz

D - Control Data (time, cost, errors, etc.);
P(Problematic) - a priori probability;
P(Normal) = 1 — P(Problematic);

P(D | -) - conditional probability (likelihood).

Causal relationship of results:
For processes P26 and P18, P
optimization.

(D | Problematic) - P(Problematic) + P(D | Normal) - P(Normal)

3)

1.0. This 1s a very high risk and requires immediate

For processes P3, P4, and P21, P ~ 0.56. These processes need to be monitored, and additional

analysis is recommended.
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For processes P20 and P22, P = (. These are normal processes that do not require intervention.

Horizontal dotted lines shown in the diagram (Figure 2):

0.3 - normal / control limit;

0.6 - control / high risk threshold.

This graph shows the main advantage of the Bayesian method: ranking processes not discretely,
but by risk level. The distribution of business processes by risk levels is given in the following graph
(Figure 3).

Bayesian Posterior Probilities d Business Processes

Analyze Business Process Posterior Probabilities

Normal Processes Requires,Monitoring High Risk

0-03 0.3-0.6 0.6-1.0

My intervention Adaptive control | Immediate
required recommended optimization needed

!

Model Evaluation Block

Accuracy Caorrect Predictions Precision R S e
Precision Total Preditions ReRewall 79 4+ FN

0-0.3 - [ W0.0.2 | Requires Monitoring B F1 = 2 x Precision = Recall
Precision + Recall

Figure 3. Breakdown of business processes by risk levels

This graph divides the aposterior probabilities into the following categories:

0-0.3 interval normal process

0.3-0.6 interval requires monitoring

A range of 0.6-1.0 indicates a high risk.

As a result, the processes that need to be controlled - occupy the dominant share, while the
number of high-risk processes is small, but the impact is high. Normal processes do not require
management resources.

Hence the practical point, which allows us to concentrate management funds only on processes
in the upper and middle risk zone.

The results obtained with synthetic data prove that the Bayesian method is effective in
identifying problem business processes.

Results and discussion. The main advantage of the Bayesian method is the ability to work
with uncertainty. Traditional approaches often rely on clear limits. Bayesian method is based on
probability estimation. This allows managers to assess the level of problematization of processes not
in the "yes/no" format, but on a probability scale.

In addition, the model has a high interpretability. It is possible to explain how each apostrophe
probability is obtained. This will increase confidence when making decisions. However, the quality
of the model depends on the correctness of the initial data and a priori estimates.
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Also, a key feature of Bayes method is that the high ROC - AUC value is achieved through
probabilistic interpretation, without the use of black box models. This makes it easier to interpret the
results of the model in managerial decision-making (Figure 4).

ROC-kpuBan baitec knaccucpukaTopsl yLiH
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False Positive Rate (FPR)

Figure 4. Evaluation of the Bayesian classifier on the ROC-curve

The ROC curve shown in Figure 3 shows the quality of the Bayesian Probability model in
binary classification (problem / normal business process), built on the basis of synthetic data. Basic
properties of the graph: At low values of False Positive Rate (FPR), True Positive Rate (TPR) increases
rapidly.

This means that the model correctly identifies problem business processes at an early stage.
The ROC curve is clearly above the random classification line (diagonal). It indicates that the model
has a high decoupling capacity.

Integral exponent for Bayesian classifier:

ROC-AUChpqyes ~ 0.89 (4)

This value: Higher than Logistic Regression model. It shows that it is close to the results of
Random Forest and Gradient Boosting.

Bayesian classifier shows high results in distinguishing between problematic and normal
business processes (Figure 5). Dark blue indicates that correctly classified observations (TP and TN)
predominate, while light colors indicate incorrectly classified conditions (FP and FN). This proves the
overall stability and interpretation of the model.
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Figure 5. Confusion Matrix Analysis for Bayesian classifier

The Confusion Matrix below demonstrates the quality of the Bayesian Probability model for
identifying problem business processes, built on the basis of synthetic data.

Table 2. The structure of the Confusion Matrix

Real \ Predicted Normal Problematic
Normal TN =960 FP =215
Problematic FN =155 TP =905

The causal relationship of the results obtained:

True Positive (TP = 905) most of the problem processes are defined correctly.

True Negative (TN = 960) most normal processes are not incorrectly marked as problematic.

False Positive (FP = 215) some normal processes are recognized as problematic for
precautionary reasons (from a management point of view, this is an acceptable error).

False Negative (FN = 155) few problematic processes remain undetected, but this indicator
can be reduced by changing the threshold value.

Bayesian model quality metrics

Indicators calculated based on the Confusion Matrix:

TP+TN
A = ~ 0.84
ccuracy TP+ TN+ FP L FN 0.8 (%)
TP
Precision = ———— ~ (.81
recision TPL P 0.8 (6)
TP
Recall = ——— ~ 0.
eca TP+ N 0.85 (7)

Precision - Recall

" Precision + Recall

Thus, the Bayesian method allows to interpret the results from a probabilistic point of view,

achieving high accuracy in identifying problematic business processes. This increases the quality of
managerial decision-making.

F =2 ~ 0.83 (8)
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Conclusion. The results of the study showed that the use of the Bayesian method increases the
accuracy of identifying problem business processes. The proposed approach:

effective in the case of data incompleteness;

allows dynamic monitoring of processes;

improves the quality of managerial decisions.

The accuracy of identifying problem processes based on the results of experimental
assessments is significantly higher compared to traditional approaches.

Also, the considered approach can be used in the following areas:
control of technological processes at industrial enterprises;
assessment of operational risks in financial organizations;
analysis of service processes in public administration;
logistics and optimization of supply chains.

In practice, the Bayesian model is implemented in managerial information systems and is
convenient for processing data in real time.

The article considered the problem of improving approaches to identifying problem business
processes using the Bayesian method. The proposed probability model provides a flexible and
interpretable tool for evaluating processes in the face of uncertainty. The integration of this approach
with machine learning methods in future research is a promising direction.

Contflict of interest: The authors declare no conflict of interest.

Statement on the use of artificial intelligence: The authors state that they did not use artificial
intelligence (AI) tools in the preparation of this work.
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Abstract. The rapid urbanization of the past decade has transformed crime from a local
policing challenge into a complex, dynamic system driven by socio-economic, spatial, and temporal
forces. This review traces how neural architectures came to matter in predictive criminology, from
the older statistical toolkit toward deep learning models that forecast at hour-level resolution and
community scale. Working from peer-reviewed studies, we sort the current approaches into six
representative archetypes and assess each. The verdict is mixed. Deep learning now beats classical
techniques on accuracy and scalability, routinely and by clear margins; it also stays hemmed in by thin
interpretability, sparse data, ethical bias, and a stubborn Western-city provincialism in its validation
sets. Where the field goes next depends less on shaving another point off the error and more on
what gets integrated deliberately: interpretable attention mechanisms, multi-modal social sensing, and
fairness auditing done properly against rich socio-economic covariates. Trust is the binding constraint
on deployment. Only models that hold predictive power, transparency, and equity together will earn
it.

Keywords: crime prediction, deep learning, spatio-temporal modeling, interpretability, socio-economic determinants, ethical
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Anparna. CoHFbl OHXXBUIJIBIKTAFBl XKelell ypOaHW3alus KbUIMBICTBI KEPTUTIKTI MOJULIUAS
KbI3METIHIH KUBIHJBIFBIHAH OJIEyMETTIK-9KOHOMMKAJIBIK, KEHICTIKTIK >KOHE YaKBITTBIK KYLITEpPAiH
OCepiHEeH TYBIHAAWTHIH KypZeli, JTUHAMHKAIBIK Xyilere alHanmaplpael. byn momyna Gomxamisi
KPUMHUHOJIOTHSIIaFbl HEUPOHBIK apXUTEKTypallapblH JIaMBbINl Kelie JKaTKaH Pei KapacThIPbLIAJIbI,
JIOCTYPIIi CTAaTUCTHKAIIBIK 9JIICTEPICH ThIC CaFaTTHIK ACHIEeIIeT1, KOFAMIACTHIK ACHIeiiHIe OomKayFa
KaOlJeTTI TepeH OKBITY MOAENbAepiHe Kapall >KpuDKuabl. JKyileni tangay apKplUibl capanTaMaliblK
3epTTeyiep apKbulbl 013 Ka3ipri 3aMaHfbl TOCUIAEPHl alThl OKUIMIK apXeTHIKEe KIKTeHMi3
JKOHE oJapabl OaramaiiMbI3. 3epTTEy HOTWIKENEepl Ka3ipri 3amMaHFbl TEPEH OKBITY >KYHEIepiHiH
JONIIK TeH MacmrTa0Tany OOWBIHINIA KIACCHKANBIK OMICTEpPACH YHEMi achlll TYCEeTiHiH, Oipak
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TYCIHJIPY TallUblJIBIFBIMEH, JIEPEKTEPAIH CHUPEKTITIMEH, ITHKaJIbIK OEHIMIUIIKIEH XoHE OarbiC
KaJIaJbIK KOHTEKCTIHEH THIC YKaJIMbUIAY/IbIH MIEKTEYIUIINIMEH HIEKTeNeTiHIH pacTaiasl. Tannay anra
KBUDKYIBIH alKbIH KOJIBIH KOpCceTe/i: Ooamak ocep IMIEeKTi AAIIKTIH apTyblHa eMec, TYCIHIIpyTre
0oJaThIH Ha3ap ayaapy MEXaHH3MICPiHIH, KOIIMOAAIBAbI JJICYMETTIK CE3IMTaIABIKTBIH KoHE Oaid
QJIEYMETTIK-9KOHOMHUKAJIBIK KOBApHATTapMEH KaTaH OAUICTTINIK ayIWTIHIH o/iell MHTErpaunuschlHa
OaifaHbICTRI OONaAbl. bomkaMIbl KYIITI alIBIKTHIK TIEH 9MIJTIKICH TEHECTIPETIH MOJAENbAep FaHa
MIPOAKTUBTI KaJlaJblK KaylNCI3IKTE€ HAKThl QJIEMJErl OpHAJIACTBIPY YUIIH KaXETTI CEHIMAUIIKKE He
OoJaabl.
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AHHOTanus. 3a TMocCleaAHee JEeCATUIETHE TopoJia POCIU Tak OBICTPO, YTO MPECTYIHOCTh
nepecrajia ObITh JOKAJBHOW 3aJadyel IOJIMLEHCKOr0 KOHTPOJS M IPEeBpaTWiIach B IOJBUKHYIO
CUCTEMY, IJIe CUEIUIEHbI COLIMAIbHO-IKOHOMUYECKHE, MPOCTPAHCTBEHHBIE U BPEMEHHBIE (DaKTOPHI.
O0630p MNpOCIEKUBAET, KAaK MEHAJIACh pOJb HEUPOHHBIX aPXUTEKTYpP B MPOTrHOCTUYECKOU
KPUMUHOJIOTMH: OT TPAaJUIHOHHOM CTaTUCTUKM K MOJAENSIM IIIyOOKOro oOydeHus, IaroliuM
IOPOTHO3 C IOYACOBBIM pa3pelleHueM M B Maciutabe oTxenbHoro cooOmectBa. Ha ocHose
CHCTEMaTHYeCKOTO aHaIn3a PEIeH3UPYEMbIX HMCCIIEOBAaHMM MbI KIacCU(UIMPYEeM COBPEMEHHBIC
IIOJIXO/bI HA IIECTh PEIPE3CHTATUBHBIX apXETUIIOB M OLICHMBAEM MX. Pe3ynbrarbl NMOATBEPKAALOT,
YTO COBPEMEHHBIE CHCTEMbI IIIyOOKOro OOydeHHus Tenepb OOBIYHO MPEBOCXOIAT KIACCHUECKHE
METO/IbI [10 TOYHOCTH U MAaCIITaOMPYEeMOCTH, HO IIPH 3TOM OCTAKOTCs OFPaHMUEHHBIMH HEJOCTaTKaMU
UHTEPIPETUPYEMOCTH, Pa3pEKEHHOCTHIO JaHHBIX, STHUECKUMU MPETYOekK IeHUSIMHU U OTPAaHUYEHHON
0000111aeMOCTBIO 3a MpeJielaMu 3alaHbIX TOPOACKMX KOHTEKCTOB. AHAJIM3 YKa3bIBaeT HAa YETKHUU
IyTh BIepeld: Oyayliee BIMSHHME OyIdEeT 3aBUCETh HE CTOJIBKO OT HE3HAYUTEIBHOTO MOBBIIICHUS
TOYHOCTH, CKOJIBKO OT LIEJICHANPABICHHON HHTErPALIMY HHTEPIIPETUPYEMBIX MEXaHU3MOB BHUMAHMS,
MHOTOMOJIaJIbHOTO COLIMAJIBHOTO MOHHMTOPUHIA U CTPOrOM IPOBEPKH CIPABEAJIMBOCTH C Y4ETOM
OoraTblX COLMATbHO-3KOHOMUYECKHUX KoBapuar. Tonbko MoJenu, KOTopble oOecreduBaroT OajaHc
MEX]y MIPOrHOCTUYECKOH CITIOCOOHOCTHIO, TPO3PAYHOCTHIO M CIIPABEIIIUBOCTBIO, CMOTYT 3aCIyKHTh
J0BepHe, HEOOXOOUMOe JUIs MX NPAKTHUYECKOro BHEAPEHUS B IIENAX oOecreueHHs] MPOAKTUBHOU
0€30MacCHOCTH B FOPOAAX.

KuiroueBble cj10Ba: IPOTHO3UPOBAHUE MIPECTYNHOCTH, IIyOOKoe 00ydeHue, IPOCTPaHCTBEHHO-BPEMEHHOE MOJIETIMPOBaHHE,

HWHTEPIPETUPYEMOCTb, COLIHMATBHO-?KOHOMUYECKUE (HaKTOphI, STHYHBIH WI.

Introduction. Crime represents a pervasive and multifaceted challenge to global societies,
exacerbated by rapid urbanization and socio-economic disparities that strain public safety systems.
According to the United Nations' World's Cities in 2018 report, as cited in Wang et al. (2020), nearly
55.3% of the global population resided in urban settlements in 2018, a figure projected to rise to 60%
by 2030, placing unprecedented pressure on resource allocation, environmental sustainability, and
security surveillance. That growth does not leave crime dynamics untouched. Regional population
flows, gaps in schooling, economic vitality, weather, even religious preference — all of it feeds
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in, and rarely in isolation (Wang et al., 2020). Empirical work across very different settings keeps
returning to the same socio-economic drivers. Obagbuwa and Abidoye (2021), working in South
Africa, ran machine learning linear regression over several years of records to visualize and predict
crime trends, and found the expected correlations with poverty and unemployment. Sharma et al.
(2021) did something similar for Boston, applying machine learning to geospatial datasets and tracing
how income inequality and housing density shape crime patterns. Nesa et al. (2022) pushed the
question into a developing-region context, examining juvenile crime in Bangladesh with explainable
Al to tie drug addiction—a socio-economic stressor in its own right—into the predictive model, and
showing how unevenly such factors land on vulnerable populations in fast-urbanizing areas of the sort
found across India. Taken together, the cases make a fairly plain point: crime is a global problem,
and its socio-economic determinants both drive incidents and rule out any one-size-fits-all approach
to predicting them.

For most of its history, crime analysis leaned on traditional statistical methods. They were
foundational, and they remain useful, but they tend to miss the non-linear and dynamic side of criminal
activity. Kernel Density Estimation (KDE) is the obvious example: Prathap and Ramesha (2020) used
it in the Indian context to map geospatial crime density, which works well enough for locating hotspots
and poorly for anything involving temporal dependency or high-dimensional input. Linear regression
has the opposite trade-off. Obagbuwa and Abidoye (2021) get interpretable coefficients out of it,
but the model cannot represent complex interactions once the dataset grows. Both families descend
from stochastic modeling or physical equations — elegant on paper, inefficient the moment you
need real-time inference over massive, heterogeneous data (Wang et al., 2020). Artificial intelligence
(Al), and deep learning (DL) in particular, is where that limitation started to give way. For instance,
Safat et al. (2021) conducted an empirical analysis comparing machine learning and DL techniques,
showing that neural networks outperform traditional methods in forecasting accuracy across diverse
crime datasets. Stalidis et al. (2021) examined various DL architectures for crime classification and
prediction, confirming their efficacy in handling non-linear patterns. And benchmark models like the
Crime Situation Awareness Network (CSAN) of Wang et al. (2020) combine variational auto-encoders
with sequence generative networks; on regional multi-type crime frequency they beat Conv-LSTM,
mainly by pulling apart high-dimensional spatio-temporal redundancies.

Gaps remain, though, and one of them runs through most of the literature: accuracy gets
measured, everything else gets assumed. Butt et al. (2022) hybridize DL with exponential smoothing
to sharpen forecasting precision; Kshatri et al. (2021) build stacked generalization ensembles. Both
report careful Root Mean Squared Error (RMSE) figures. Neither leaves the reader much idea of
what the model is doing internally, which becomes a real problem once the output is meant to inform
policy rather than a leaderboard. Interpretability is the missing piece. Rayhan and Hashem (2023)
address it directly in their Attention-based Interpretable Spatio-Temporal Network (AIST), where
graph attention mechanisms expose the dynamic correlations the model relies on, and Zhang et al.
(2022) make a parallel case for interpretable machine learning in urban crime settings. Ethics is thinner
still. Wu et al. (2023) audited place-based DL models and found disparities that, left alone, would
deepen the socio-economic inequalities such systems are supposedly helping to manage.

This review sets out to close some of that distance. We classify the state-of-the-art neural
architectures used in crime prediction and work through six of them in detail, each standing in
for a broader family: CrimeTensor (Liang, Wu et al., 2022) for high-dimensional tensor learning,
Duronet (Hu et al.,, 2021) for hybrids that survive messy input, AIST (Rayhan & Hashem,
2023) for interpretability, Multimodal Twitter Fusion (Tam & OzgiirTanrdver, 2023) for social
sensing, Intelligent Video Surveillance (Sung & Park, 2021) for real-time vision, and Place-Based
Fairness Auditing (Wu et al., 2023) for ethics. Throughout, the question is how each one handles
socio-economic data. For example, models incorporating environmental factors like nightlight
imagery (Yang et al., 2020) and weather conditions (Lee et al., 2022) demonstrate enhanced predictive
power by embedding socio-economic proxies such as urban vitality and demographic shifts.
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Methodology. Al in criminology has moved quickly, from traditional machine learning (ML)
toward deep learning (DL) architectures that hold the spatio-temporal and socio-economic complexity
of crime rather better. We group the reviewed studies into three clusters: the move from traditional
ML to DL, spatio-temporal and hybrid models, and multi-modal or otherwise emerging approaches.
The grouping follows what the empirical analyses and benchmark comparisons actually show —
gains in predictive accuracy, achieved largely by pulling in heterogeneous sources such as points of
interest (POls), mobility flows, and environmental variables. Where possible we tie the models back
to socio-economic determinants, since that is where their value for urban safety lies.

Early work in this area ran on traditional ML. The results were readable, which mattered, but
non-linear structure and high-dimensional input defeated them fairly quickly. Prathap and Ramesha
(2020), for instance, applied Kernel Density Estimation (KDE) to geospatial crime analysis in India
and recovered density hotspots through statistical mapping — a static picture, with no temporal
dimension to speak of. Obagbuwa and Abidoye (2021) used linear regression for crime visualization
and trend analysis in South Africa and got usable first-order predictions, correlated with poverty
and similar socio-economic factors, though the model breaks down as soon as interactions matter.
Rummens and Hardyns (2020) set near-repeat patterns, ML algorithms, and risk terrain modeling
against each other on spatio-temporal prediction; ML held its own, but integrated approaches handled
sparse data better.

Deep learning removed most of those ceilings, and the empirical record backs it up. Safat et
al. (2021) compared ML and DL techniques head to head and found convolutional neural networks
(CNNs) beating logistic regression, support vector machines (SVMs), Naive Bayes, and k-nearest
neighbors (KNN) on both accuracy and forecasting, across datasets rather than on a single favorable
one. Stalidis et al. (2021) tested recurrent and convolutional variants on real data and reported gains
specifically on categorical and temporal features. Ensembles bridged the two eras: Kshatri et al.
(2021) stacked SVM-based weak learners into a generalization ensemble and improved accuracy on
benchmark datasets. Fuzzy logic offered another route. Jaber et al. (2022) fed big data into neural-fuzzy
networks and predicted crimes from time, longitude, and latitude — a hybrid whose main virtue is that
it tolerates uncertainty in the underlying patterns.

Reinforcement learning (RL) is the newer bridge. Vimala Devi and Kavitha (2023) built an
adaptive deep Q-learning network for crime prediction, and adaptation is the whole point: the model
adjusts as the environment shifts, and in simulation-based evaluation it stayed ahead of static ML.
Sharma et al. (2021) applied ML to geospatial datasets for Boston crime analysis, incorporating
socio-economic indicators like housing density for geographical predictions, though still reliant on
traditional feature engineering.

Table 1. Comparison of crime prediction models

Improvement Over

Model Type Reference Key Metric Dataset Baseline
KDE (Traditional) fzrgtz}:)a)p & Ramesha Density Accuracy (N/A) Indian Geospatial Baseline for hotspots
. . Obagbuwa & Abidoye Prediction Error (RMSE . . . . .
Linear Regression (2021) ~15--20%) South African Crime Socio-economic correlations
. Rummens & Hardyns Spatio-temporal Accuracy . .
©45--10°
ML Comparison (2020) (~75%) Belgian Crime Vs. RTM: +5--10%
Empirical ML-DL Safat et al. (2021) Accuracy (DL: 85--90%)  Chicago/UK Datasets DL > ML by 10--20%
DL Architectures Stalidis et al. (2021) Classification F1 (~0.85)  European Crime CNN/RNN variants
Stacked Ensembles ~ Kshatri et al. (2021) RMSE Reduction Public Crime Datasets ~ Ensemble > Single ML

(10--15%)
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Improvement Over

Model Type Reference Key Metric Dataset Baseline
Prediction Accuracy . . .
Neural-Fuzzy Jaber et al. (2022) (~82%) Big Data Crime Handles uncertainty
~ ()
. Vimala Devi & Kavitha Adaptive Accuracy . . .
Adaptive Deep Q-RL (2023) (~88%) Simulated Crime RL adaptation
Geospatial ML Sharma et al. (2021) Geographical F1 (~0.80)  Boston Geospatial Socio-economic features

Table 1 collects the performance metrics these studies report, where they report any. Safat et al.
(2021) put DL accuracy at 85-90% against 70-80% for ML; Kshatri et al. (2021) cut RMSE by 10-15%
with ensembles. The numbers are not strictly comparable across datasets, but the direction is consistent
enough — DL scales better and predicts more precisely, which is what made the later integrations
worth attempting. Spatio-temporal models drive most of the recent progress, built on recurrent neural
networks (RNNs) and long short-term memory (LSTM) units that track how crime patterns move. Butt
et al. (2022) paired a Bi-LSTM with exponential smoothing, using the smoothing to stabilize trends
and lifting accuracy on time-series data. Lee et al. (2022) went narrower, building an artificial neural
network (ANN)-based model for night crime specifically, with illumination and weather as inputs, and
got better precision in urban settings for it. Zhou et al. (2022) introduced DeepOffense, an attentional
RNN framework that ingests crime records, POIs, demographics, and meteorology together to predict
fine-grained crime counts; two-layer LSTMs plus attention pick up the time-varying dependencies,
and it beat the baselines on New York City data.

Attention and graph mechanisms sharpen this further. Angbera and Chan (2023) optimized
the layer design itself and gained granularity in spatio-temporal prediction. Liang et al. (2022a) built
a neural attentive framework with spatial-temporal-categorical fusion, aimed at hour-level output,
and reduced error by fusing the dimensions rather than treating them separately. AIST, from Rayhan
and Hashem (2023), is the most explicit attempt at interpretability in this group: graph attention
network (GAT) variants (hGAT, fGAT) together with sparse attention LSTMs (SAB-LSTMs) model
the dynamic correlations, while external features such as taxi flows and POIs feed in — accuracy and
interpretability both improve on Chicago data. Tekin and Kozat (2023) took the graph route differently,
pairing graph neural networks (GNNs) with multivariate normal distributions to model urban topology
at high resolution. And Wang et al. (2020) benchmarked CSAN, which puts variational auto-encoders
(VAEs) alongside context-based sequence generation and outperforms Conv-LSTM at disentangling
spatio-temporal redundancy across 15-year datasets.

Socio-economic covariates make these models stronger still. Hu et al. (2021) developed
Duronet, a dual-robust spatial-temporal network robust to data sparsity, using POIs and mobility
for urban predictions. Wu et al. (2022) enhanced short-term predictions with human mobility flows
and DL architectures, improving F1 scores by 10-20% through flow integration. Yang et al. (2020)
proposed a spatio-temporal cokriging method using historical crime and nightlight imagery to identify
transitional zones, correlating economic vitality proxies with crime risks.

AIST's own figures make the heterogeneity visible (Rayhan & Hashem, 2023): spatial
correlation is uneven — strong between Chicago regions 8 and 32, weaker elsewhere — and temporal
profiles split by category, with theft peaking around midday. Taxi flows matter too, though selectively:
strongly for theft, barely at all for robbery.

Multi-modal models combine data types that used to be handled separately. On the vision
side, Boukabous and Azizi (2023) run object detection through DL for image and video crime
prediction, picking out firearms and weapons in surveillance footage. Kumar and VenkateswaraReddy
(2022) tuned DL frameworks for video surveillance and report high accuracy on activity prediction.
Martinez-Mascorro et al. (2020) narrowed the target to shoplifting, using 3D CNNss to flag suspicious
behavior early enough to prevent it. Sung and Park (2021) designed an intelligent video system
for real-time prevention that monitors actively, without a human in the loop. Social sensing works
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from unstructured data instead. Nesa et al. (2022) predicted juvenile crime in Bangladesh with ML
and explainable Al tying drug addiction and similar socio-economic stressors to observed patterns.
Tam and OzgiirTanrdver (2023) fused crime records with tweets in a multimodal DL model, gaining
from sentiment and event signal. Vivek and Prathap (2023) stayed with Twitter alone, extracting
spatio-temporal patterns with ML algorithms and forecasting hotspots on the assumption that social
media tracks public awareness.

The newer work puts ethics and interpretability first. Wu et al. (2023) audited place-based
DL models for fairness and found bias nearly everywhere they looked, traceable to imbalance in
the training data and compounding existing socio-economic disparities. Zhang et al. (2022) took
the interpretability side, using SHAP and related techniques to attribute variable importance both
globally and case by case. Aziz et al. (2023) fitted DL to cognizable crime rates under the Indian Penal
Code, which is as much a legal-framing problem as a modeling one. Liang et al. (2022b) introduced
CrimeTensor for fine-scale predictions via tensor learning with spatio-temporal consistency. Lu and
Liao (2022) proposed STS, a DL method for zero-inflated crime prediction, addressing sparsity
through intra- and inter-dependency modeling.

Results and Discussion. To ensure a rigorous strategic analysis, this study adopts a
representative archetype approach. Rather than analyzing every individual variation of deep learning
(DL) found in the systematic literature review, we first classified the state-of-the-art (SOTA) landscape
into distinct methodological clusters. The selection process began by evaluating the diverse range of
techniques identified in recent literature, guided by Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) principles (Page et al., 2021). Search terms included "AI AND crime
prediction,”" "machine learning AND criminology," and "deep learning AND socio-economic crime
factors," applied to Scopus and Web of Science databases for publications from 2018 to 2023. This
systematic search yielded a corpus of studies that were screened for relevance based on criteria
such as empirical validation on real-world datasets, focus on predictive accuracy, integration of
heterogeneous data, and addressing of ethical or interpretability concerns. We kept peer-reviewed
articles that contributed something new to crime forecasting and set aside the purely theoretical ones,
along with anything lacking quantitative evaluation. What the resulting corpus shows is diversification
on two fronts at once — more data sources, more architectural complexity — and a steady move away
from static models toward systems that adapt at urban scale.

1. Architectural Evolution and Optimization. Basic neural networks are no longer where the
work happens; the field has moved toward heavily optimized and ensembled architectures, pushed
there by the non-linear dynamics that crime data keeps producing. Angbera and Chan (2023) show
how much is still available at the layer level — better convolutional blocks, refined activation functions
— with clear gains in spatiotemporal forecasting on multi-city datasets, where integrating temporal
hierarchies brought prediction error down. Similarly, Stalidis et al. (2021) provide comprehensive
examinations of how varying architectures, including convolutional neural networks (CNNs) and
recurrent neural networks (RNNs), perform on crime classification tasks, with empirical tests on
European datasets showing F1 scores up to 0.85 for multi-class predictions, highlighting the trade-offs
between depth and computational efficiency. Addressing the uncertainty inherent in crime data, which
often includes noisy or incomplete records, Jaber et al. (2022) utilized neuro-fuzzy networks, which
offer a bridge between the logic-based reasoning of expert systems and the learning capabilities of
neural networks; their model, applied to big data sources with features like time, longitude, and
latitude, achieved approximately 82% accuracy in crime type prediction by fuzzyfying inputs to handle
vagueness in real-world scenarios.

2. The Shift to Heterogeneous Data Sources. A critical criterion for our archetype selection
was the model's ability to ingest non-traditional data, emphasizing multi-view learning that combines
structured and unstructured inputs for more holistic predictions. The move toward "Multi-View"
learning is hard to miss. In the visual domain it means leaving tabular records behind for pixels:
Boukabous and Azizi (2023) wire object detection algorithms into DL and predict from images and
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video directly, targeting anomalies such as weapon possession in real time, with high precision — in
controlled surveillance settings, at least. Complementing this, Martinez-Mascorro et al. (2020) apply
3D CNNs specifically for suspicious behavior detection in shoplifting cases, leveraging volumetric
convolutions to analyze motion patterns in video sequences, achieving effective prevention through
early anomaly flagging on retail datasets. Sung and Park (2021) further support this trend by designing
intelligent video surveillance systems using DL, which process live feeds to identify criminal intents
without constant human oversight, validated on multimedia datasets for urban monitoring. The
social and environmental side runs on different inputs. Vivek and Prathap (2023) showed that
Twitter data alone can carry forecasting signal, pulling spatio-temporal patterns out of tweets with
machine learning algorithms, matching social media activity against crime hotspots, and improving
F1 scores once the two are fused with historical records. Yang et al. (2020) worked from satellite
data instead, treating nightlight imagery and transitional zones as proxies for crime risk and using a
spatio-temporal cokriging method to infer economic vitality and predict incidents in underlit areas.
Tam and OzgiirTanrdver (2023) combined tweets with crime records outright; sentiment and event
correlation carried real information, and their model gained 10-15% in accuracy on urban datasets.

3. Benchmarking and Data Challenges: The last criterion concerns what happens when the
data runs thin. Zero-inflation is endemic to crime datasets — most regions, most time slots, no
incident at all — and it breaks models that assume otherwise. Lu and Liao (2022) built the STS model
around exactly this, using deep learning to model intra- and inter-dependencies within zero-inflated
distributions. Their result shaped our own emphasis on architectures that survive imbalance, whether
through oversampling or purpose-built loss functions. So we weighted resilience in sparse conditions
heavily; STS is the clearest case, cutting error on low-incidence predictions where other models drift.

Six models were then pulled out of this body of work to serve as "Archetypes." Raw
performance was not the deciding factor. What mattered was whether a model carried the
characteristic strengths or weaknesses of'its cluster, judged against several criteria: Representativeness
of methodological innovation—the archetype has to exemplify a core advance, tensor learning
for high-dimensionality rather than a graph alternative, say (Tekin and Kozat, 2023 model urban
topologies through multivariate normals, but without the consistency focus that tensor decomposition
brings); Robustness to data challenges—hybrids that confront sparsity and granularity head-on,
whether hour-level demand (Liang et al., 2022a) or zero-inflation (Lu and Liao, 2022); Balance
of interpretability and performance—models that attack the "black-box" problem with an actual
mechanism, attention layers for instance, rather than arguing for interpretability in the abstract
(e.g., Zhang et al., 2022 on interpretable ML); Data fusion capabilities—archetypes that combine
heterogeneous sources, historical records with social media, in preference to single-modality analyses
(e.g., Vivek and Prathap, 2023, working from Twitter alone); Real-time applicability and ethical
considerations—systems built for intervention that also engage with privacy, which basic vision
models do not (Boukabous and Azizi, 2023; Martinez-Mascorro et al., 2020); and Counterbalance
for ethics—bias-focused work included deliberately, because the technical studies tend to pass over
these implications (e.g., Angbera and Chan, 2023). Together the criteria keep the set balanced rather
than weighted toward whatever performs best this year.

Table 2. Selected archetypes of crime selection models

Archetype Strengths Weaknesses Opportunities Threats

High-dimensional Complexity (Zhang et ~ Real-time socio-economic Bias amplification (Wu et

CrimeTensor gf)%r)acy (Wang etal, al., 2022) fusion (Yang et al., 2020)  al., 2023)
Duronet Robustness to sparsity Training overhead Ensemble expansions Privacy in mobility (Sung
" (Safat et al., 2021) (Jaber et al., 2022) (Kshatri et al., 2021) & Park, 2021)
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Archetype Strengths Weaknesses Opportunities Threats
Attention-based .. . . .
AIST interpretability (Rayhan & Sequence dependency ~ Demographic integration  Cultural biases (Aziz et

Hashem, 2023)

(Lu & Liao, 2022)

(Sharma et al., 2021)

al.,, 2023)

Multimodal Twitter Multi-modal sentiment N91se vulnerability Global policy apps Misinformation (Nesa et
Fusion capture (Tam & (Vivek & Prathap, (Obagbuwa & Abidoye, al., 2022)
OzgiirTanréver, 2023) 2023) 2021) ’
Intelligent Video Real-time detectlo.n. Prlvac:y limitations Hybrid with social data Over-surveillance ethics
. (Boukabous & Azizi, (Martinez-Mascorro et
Surveillance 2023) al., 2020) (Lee et al., 2022) (Wu et al., 2023)

Place-Based Fairness Bias mitigation (Zhang et

Post-hoc focus (Stalidis

Inclusive RL adaptations

Regulatory shifts (Tekin &

(Vimala Devi & Kavitha,

Auditing 2023)

al., 2022) et al., 2021) Kozat, 2023)

Read together, the literature says two things at once: deep learning (DL) has changed crime
prediction substantially, and the field is not yet close to reliable, deployable practice. What DL does
well is absorb large, heterogeneous urban datasets and find the subtle non-linear relationships that
statistical and rule-based methods could not reach. That shows up as accuracy and as scalability.
Models with advanced optimization have performed strongly even on legally framed tasks —
forecasting cognizable offenses under national penal codes, where tailored loss functions and
architectural refinements produce measurable error reductions (Aziz et al., 2023). The broader
comparisons agree. Across datasets ranging from dense North American cities to international
benchmarks, DL beats traditional machine learning by 10-20% on key forecasting metrics, which
is enough for an agency to reallocate resources on the strength of it (Safat et al., 2021). And the
improvement is qualitative as much as quantitative: hour-level or community-level forecasts simply
were not feasible before, and they depend on modeling spatio-temporal dynamics at a granularity
earlier methods could not represent (Angbera & Chan, 2023; Liang et al., 2022a, 2022b; Zhou et al.,
2022).

Step 1: Training Data

Step 5: (Representational Bias Risk)

Continuous
Feedback

.

Step 4: Step 2:
Intervention & = DL Model
Mitigation = Prediction

(Adjust Covariates) learning

Demographic

Disparities
WL/ alln

Step 3:
Fairness Audit
(Disparity Check)

Figure 1. The suggested "Fairness-Aware" loop of crime prediction models application

Those same strengths come with weaknesses that are by now well documented. Interpretability
is the most stubborn. Even architectures that perform well tend to run as “black boxes”: the output
is accurate, the reasoning behind it is not available, and that gap costs both stakeholder trust and
legal defensibility (Zhang et al., 2022; Stalidis et al., 2021). Data sparsity is the second problem —
specifically zero-inflation, since most grid cells and most time slots contain no events at all. Methods
now exist that model intra- and inter-series dependencies in zero-inflated distributions explicitly, yet
deployed in real cities they still show residual instability, particularly in low-incidence zones (Lu &

25



ISSN (print) 3135-1840  eISSN (online) 3135-1859 Smart Technologies Journal, 2(2) - 2026

Liao, 2022). Training data compounds both issues. Models fitted mostly on high-crime Western cities
generalize badly to sparser or structurally different places.

The openings run in two directions that increasingly meet: ethical Al design, and multi-modal
fusion. Ethics is no longer a section at the end of the paper. Audits of place-based predictive systems
keep finding that unchecked bias hardens existing socio-economic disparities and falls hardest on
communities already marginalized (Wu et al., 2023). Fusion is the other opening — structured crime
logs joined to unstructured signal, social-media sentiment or human-mobility traces, giving the model
context it otherwise lacks. Fuse tweet streams with historical incident data and you recover more than
“where” and “when”; you pick up shifting public perception and the events that precede an incident,
and short-term predictive power rises accordingly (Tam & OzgiirTanrover, 2023; Wu et al., 2022;
Vivek & Prathap, 2023). Environmental proxies behave the same way. Nightlight intensity, weather
patterns, transitional-zone indicators — layered in, they convert indirect socio-economic signal into
features a model can actually use (Yang et al., 2020; Lee et al., 2022).

The threats are just as real. Algorithmic bias comes first, because it is already here:
when training data over-represents particular neighborhoods or demographic groups, discriminatory
outcomes get baked in, and fairness audits have shown this happening more than once (Wu et al.,
2023). Deployment is the second obstacle. Models built and validated in data-rich Global North cities
tend to falter elsewhere — in South Africa, Bangladesh, or India, where data quality, legal frameworks,
and the socio-economic drivers themselves all differ (Obagbuwa & Abidoye, 2021; Nesa et al., 2022;
Aziz et al., 2023; Prathap & Ramesha, 2020).

The more promising line of work builds socio-economic covariates in from the start— points of
interest (POIs), demographic profiles, meteorological records, mobility flows — inside architectures
that tolerate sparsity and are designed to be read, not just run (Hu et al., 2021; Zhou et al., 2022).
Explainable AI (XAI) supplies the mechanism. The sparse attention and graph-attention variants
introduced in AIST hold accuracy while also quantifying what each external feature (taxi flows,
POI density) contributed to a given prediction, which gives a law-enforcement agency something
to act on instead of a score with no provenance (Rayhan & Hashem, 2023). The policy consequences
follow from that. Paired with the rigorous fairness auditing sketched in Figure 1, systems of this kind
could support policing that is actually preventive rather than reactive — patrols, social services, and
infrastructure spending redirected toward root causes instead of symptoms.

Four gaps stand out. First, non-Western contexts are barely represented; the work in
South Africa, Bangladesh, and India was pioneering, but validation has to reach further than
that before anyone can claim global relevance. Second, hybrids deserve more attention than
they have had — reinforcement learning for adaptive decision-making (Vimala Devi & Kavitha,
2023) combined with neuro-fuzzy handling of uncertainty (Jaber et al., 2022), particularly where
the data is zero-inflated or the environment volatile. Third, real-time multimodal streams, video
surveillance fused with social sensing and environmental data, promise proactive intervention and
simultaneously demand privacy-by-design protocols that do not yet exist (Boukabous & Azizi,
2023; Kumar & VenkateswaraReddy, 2022; Martinez-Mascorro et al., 2020; Sung & Park, 2021;
Vivek & Prathap, 2023). Finally, broader, openly accessible datasets and ensemble benchmarking
frameworks—building on foundational efforts like CSAN and DeepOffense—are needed to reduce
disparities and accelerate reproducible progress (Wang et al., 2020; Zhou et al., 2022; Rummens &
Hardyns, 2020; Kshatri et al., 2021; Butt et al., 2022).

Conclusion. The journey from kernel density heatmaps to attention-driven graph neural
networks and tensor-based forecasting represents one of the most significant paradigm shifts in
criminology since the advent of CompStat. CrimeTensor, Duronet, AIST, DeepOffense — systems
like these now anticipate criminal activity at resolutions and accuracies nobody would have
proposed ten years ago. The practical yield is already visible: hour-level warnings, risk scoring
at community granularity, and relationships nobody had traced before between mobility flows,
night-time illumination, social media sentiment, and where crime actually happens. What delivers
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those gains also creates obligations. The black-box nature of many high-performing models, persistent
fairness gaps in place-based predictions, and the ethical weight of real-time video surveillance remind
us that predictive power without accountability is not progress — it is risk. The most promising path
forward lies in hybrid systems that deliberately embed interpretability (as pioneered by AIST), fuse
heterogeneous urban data streams (tweets, POI density, meteorological records, demographic layers),
and subject themselves to continuous fairness auditing from the design stage onward.

The future of Al-driven crime prediction will not be written in percentage-point accuracy
improvements, but in whether we succeed in building systems that are not only smarter, but wiser
— capable of seeing not just where and when crime is likely to occur, but why, and in doing so,
empowering cities to address root causes rather than symptoms. The technical foundation is now in
place. The remaining challenge is to ensure that the next generation of neural architectures serves the
cause of safer, fairer, and more equitable urban societies.
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Anparna. JKaHapTbulaThlH SHEPrusl KO3AEpiHEH OHIIPUIETIH 3JIEKTP SHEPTUsACHIH KbICKa
Mep3iMi O0mKay IEKTP KENICiH CeHIMII OacKapy, SHEprus 0aaHChIH JKOCIapIiay JKOHE TeHeparus
KOJIEMIHJET1 aybITKyJapAbl ainfblH aja Oaranay YUIiH MaHbI3AbL. byn Makamaga ymr Tocin
caJIbICThIpbLIaAbl: Kiaccukanblk ARIMA wmozeni, rpanueHtTik Oyctunrke HerizaenreH XGBoost
anroputMi sxkoHe LSTM normkacblHa yKcac Tepesellik MPOKCHU-MOJeNb. 3epTrey OakanaBpuar
JICHTeH1HET1 OKY-3€pPTTEY KYMBICHI PETIH/I€ OPBIHANIbI )KOHE CUHTETUKAJIBIK CaFaTThIK J€pEKTEpre
Herizaenai. Jlepexrep 2023 >xplira apHaIFaH KYH ’KOHE JKeJl TeHepalUsChIHBIH TOYIIKTIK, May ChIMIBIK
KOHE CTOXACTHKAJIBIK 3aHIbUIBIKTAPBIH MMUTALUSIANIb. Mojenpaep ajfalmKkel OH Oip aigarsl
JepeKkTep OOMBIHINA OKBITBUIBIN, COHFBI OTHI3 KYHIIK TECTUIIK Ke3eHle Oaranmanabl. HoTmxenep
OOIBIHINIA KYH TeHEepaIMsIChIH O0JDKayaa Tepe3eniK MPOKCU-Moiesb eH ToMeH RMSE MoHiH kepceTTi
(21,50 MBrT), an XGBoost Hotuxect oraH *)akblH 0omabl (23,44 MBT). XKen renepanusicbiHga exi
MOJIENb/IIH HOTH KENepl I1aMaiac OoJibl, Oy JKeJl PpeCypChIHbIH JKOFapbl CTOXaCTHKAJIBIK CUIAThIH
kepcereni. Kympicta MAPE MeTpHKachIHBIH HOJITE aKbIH FeHEepaIis MOHJEpl Ke31HAe TYpPaKChI3
6omnareiabl kepcetinin, RMSE xone MAE merpukanapbiH Herisri Oaraiiay KepceTKilTepi peTiHae
KOJIJIaHY YCBIHBUIBI.

Tyiiin ce3mep: >xaHAPTBLIATHIH SHEPIUs, KYH ICHEPALUSCHL, JKeJl FeHepalusachl, yaKbITThIK Karapiaap, ARIMA, XGBoost,
LSTM-npokcu, mammHansik okeity, RMSE, MAE, MAPE.
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AnHOTanus. TouHOE KPATKOCPOUHOE MPOTHO3UPOBAHME TEHEPALMH M3 BO30OHOBIISIEMBIX
HMCTOYHUKOB SHEPTHH BAXKHO JIJIS1 YIIPABJICHHS SHEPTOCUCTEMOM, TIJITAaHUPOBAHUS OaaHCca U CHUKCHHS
PHUCKOB, CBA3aHHBIX C U3BMEHYMBOCTHIO COJTHEYHOUN M BETPOBOM reHepauuu. B cratbe cpaBHUBAIOTCS
Tpu moaxoja: kimaccuueckas moaenb ARIMA, amroputm rpaaueHTtHoro OyctuHra XGBoost u
yOpouIEHHas OKOHHasi MPOKCHU-MOJENb, uMmuTHpytomas joruky LSTM-noaxona. MccienoBanue
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BBITIOJTHEHO KaK y4eOHO-HMCCIeoBaTelbckas padoTa OakanaBpa W OCHOBAHO HA CHHTETUYECKHX
II04acoBbIX AaHHBIX 3a 2023 roz. JlaHHBIE CTEHEPUPOBAHBI C YYETOM TUIIMYHBIX CYyTOYHBIX, CE30HHBIX
U CTOXaCTUYECKHUX 3aKOHOMEPHOCTEH COJHEYHOW M BETPOBOHM reHepanuu. Mozenu oOydaluch Ha
JTAHHBIX MEPBbIX OJAUHHAIIATH MECALIEB U TECTUPOBAIKCH HA MOCIEAHUX TPUAUATH AHIX. Pe3ynbrarhl
IIOKa3aJIM, YTO JUIsl COTHEYHOW FeHepalui IPOKCU-MO/IENb Aaia HauMeHblee 3HaueHrne RMSE (21,50
MBT), Torna xkak XGBoost nokazan 6muskuil pesynsrar (23,44 MBrt). g BeTpoBoil reHepanuu
pe3yJIbTaThl MOZAEIIEH OKAa3aJuCh MOYTH OAMHAKOBBIMH, YTO CBSA3aHO C BBICOKOM CTOXaCTUYHOCTBIO
BeTpoBoro pecypca. Taxxke mokazaHo, uyto MAPE Moxer ObITh HECTAOWJIBHOW METPUKON TpH
HYJIEBBIX M OJNIM3KHUX K HYJIIO0 3Ha4eHHSX TeHepaiuu, nmodtoMmy RMSE um MAE sBmstorcs Gonee
HaJEXKHBIMU [1I0KA3aTEIIIMU ISl CPABHEHUS MOJEIIEH.

KonroueBnble cioBa: B0300HOBIIsIEMast SHEPIUsl, COJTHEYHAs! TeHEpalus, BETPOBasi reHepamus, BpeMeHHble psiibl, ARIMA,
XGBoost, LSTM-npokcu, mamnaHoe ooyuenue, RMSE, MAE, MAPE.

FORECASTING RENEWABLE ENERGY GENERATION: COMPARISON OF ARIMA,
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Abstract. Accurate short-term forecasting of renewable energy generation is important for
power-system operation, balancing, and energy planning. This paper compares three forecasting
approaches: the classical ARIMA model, the XGBoost gradient-boosting algorithm, and a simplified
window-based proxy model inspired by the logic of LSTM sequence modelling. The study is designed
as an undergraduate research paper and uses synthetic hourly data for 2023. The dataset imitates typical
daily, seasonal, and stochastic patterns of solar and wind generation. The models were trained on the
first eleven months and evaluated on the final thirty-day hold-out period. For solar generation, the
proxy model achieved the lowest RMSE (21.50 MW), while XGBoost produced a competitive result
(23.44 MW). For wind generation, both approaches showed similar performance, which reflects the
stochastic nature of wind power. The study also demonstrates that MAPE may be unstable when
generation values are zero or close to zero; therefore, RMSE and MAE are recommended as the main
comparison metrics.

Keywords: renewable energy, solar generation, wind generation, time series, ARIMA, XGBoost, LSTM-proxy, machine
learning, RMSE, MAE, MAPE.

Kipicne. YKaHapTbuiaTbiH SHEprHs KO37EpiHIH yieci aJIeMAIK 3HEPreTUKAbIK KyHene Kbl
caifprd apThIn Keneai. KyH ¢poToanekTpiik cTaHmusIapbl MEH el 3JIKTP CTAaHIUSIIAPBI SKOJIOT USUITBIK
TYPFBIIAH THIM1 OOJNFaHBIMEH, OJIApJbIH T'€HEepalus KeJieMl aya paiblHa, TOYIIKTIK LUKITE KOHE
MayChIMJIBIK e3repicrepre Toyenmi. COHIBIKTAaH MYHJAW DHEPrusi KO3ICpiHEH allbIHATBIH AIIEKTP
SHEPIUsCHIH AJIJbIH ajla 00JDKAy 3JIEKTP JKEIICIHIH TYPAKThl JKYMBICHI YIIIIH MaHBI3/IbI.

KyH renepanuscel ke0iHe TOYMIKTIK 5KOHE MayChIMJBIK 3aHJIbIIBIKTApFa OarbIHAIBL: KYHI3
KOFapbl, TYHJAE HOJre S>KaKblH OOoNaapl, ajl KbIC ME3TUIIHAE OpTalia eHAIpIC TeMEeHACH.
XKen renepaunusicel Kypaenipek cUMarka ue, cedell kel KbUIAAMJIbIFbl KE3JIeHCOK aybITKylapra
MKOHE KbICKAa MEp3iMJlI METEOPOJIOTHSUIBIK KyObUabicTapra Tayenai. Ockl ceOenTi KYH >KOHE JKel
TeHepaLUsChlH 0OJDKAy YaKbITTBIK KaTapiapisl TajlAdy, MalIMHAJIBIK OKbITY »XOHE TEpEeH OKBITY
oicTepiH KOMAAHY/bI TANaIl eTell.
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Byt xKyMBICTBIH MaKcaThl — CUHTETHKAJBIK caraTThIK Aepekrep Herizinae ARIMA, XGBoost
xoHe LSTM morukaceina ykcac Tepe3esik MpOKCH-MOACIbIIH 00Kay SJIITIH CalbICTRIPY. 3epTTey
CTYICHTTIK OKY-3€pTTEY >KYMBICHI PETIHAC OPBIHIAIFAHIBIKTAaH, HET13T1 Ha3ap Kypaell eHIIpICTIK
KYHEHI KypyFa eMec, 9pTypili MOAETbACPAIH KYMBIC KaruIajapblH TYCIHIIpyTe >KOHE OJIapIbIH
HOTHIKEJIEPIH CANIBICTBIPYFa OaFbITTAIIBI.

Takpipbin OolibIHIIA J1e0M mI0Jy. JKaHapTHUIATBIH SHEPTHs TEHEPAIMAICHIH OoinKay
CaJlaChIHAA CTaTHCTHUKAIBIK MOJEIBACP, MAIIWHAIBIK OKBITY aJlTOPHTMIEPI KOHE TEpeH OKBITY
apXUTEKTypaJlapbl KeHiHeH KoimaHbuianel. Eprte 3eprreynmepme ARIMA, ARX sxoHe Oacka
ABTOPETrPECCHUIIBIK MOJICNBICP KbICKA MEP3iM/i KYH TeHEpalMsIChIH OOJKay YINIH THIMII 0a3ablK
ojiic peTiHze KapacThIpbliabl. Melcassl, Bacher sxoHe opinTectepi KyH (OTOINEKTPIIK KYyHelepiHiH
36 cararka JeiiHTi O0JKaMBIH/Ia aBTOPETPECCUSUIIBIK TOCUIIEPiH nmaiinansl ekeHiH kepcerti (Bacher
et al., 2009: 1772).

Kyn sHeprusceiH Ooipkayra apHajfaH IIOJY >KYMBICTapbIHAa OOKay AQIIITIHE AepeKTep
camachbl, YaKbITTBIK aXbIpaThIMIBUIBIK, aya pailbl alHBIMANbLIApbl kKOHE Oaralay MeTpHKallaphbl
TiKeJIel ocep eTeTiHi aranm eTiieni. Antonanzas >XoHe opinTecTepi (OTOEKTPIIK KyaTThl
OopKayJla CTaTUCTUKANBIK, MAIIMHAIBIK OKBITY JKOHE THUOPHUATIK OIICTEpAiH KOJAAHBUTYBIH
xkyueneni (Antonanzas et al., 2016: 78). Voyant >kxoHe opinTecTepl MAIIMHAIBIK OKBITY diCcTepi
KYH paIuainuschiH OOJDKay/la KIIACCHKAIBIK MOJEJbAEpre KaparaHlIa KYpIeli CHI3BIKTBIK eMec
TOYENIITIKTEP/Il )KaKChI YCTal anarbiHbIH KepceTTi (Voyant et al., 2017: 569). Sobri xoHe opinTecTepi
KYH (OTOINEKTPIIK TeHEpalHUsChIH OopKayna jKacaHIbl HEHPOHABIK Kelijep, TipeK BEKTOPIBIK
MalIfHaIap, PEerpecCUsIbiK MOJEIbICP XKOHE aHCAMONBIIK TOCUIAEP KUi KOJNJAHBUIATHIHBIH aTar
otTi (Sobri et al., 2018: 459).

XKen renepanusicblH 0opKay KYH IeHEpalUsChlHA KaparaHaa KypAeTipeKk O0lybl MYMKiH,
ce6e01 ke KbUIIaMIBIFbl MEH OarbIThl JKOFapbl CTOXACTUKAJBIK cumarka ue. JKenm sHepreTukachl
OOMBIHIIIA IOy EHOCKTEPiHAE KhICKA MEeP31M/Ii OOKaM YIIIiH TApUXH FeHEPALIHsI, METEOPOIOTUSITBIK
JepeKTep *XoHE JArThlK Oenrinepni Oipre xonmaHy yceiHbUIaAbl (Jung, Broadwater, 2014: 762).
CoHJIBIKTaH el TeHepalrsChiH OoJpKaya TeK YaKbITTBIK Karapra CYHEHY MXETKUTIKCi3 OOyl
MYMKIH, aJl CBIPTKBI aya paiibl OeNriiepiH KOCy MOZEIb CalachlH apTThIpa anajibl.

MamuHanblK OKBITY OJICTEpiHIH I1MIIHJE IIENIiM aFaliTapblHa HETI3JeNreH aHcamOIbIiK
MOJIENIbJIEp MPAKTUKAJIBIK ecenTepae kui Konnaneuiaasl. XGBoost anroputmi rpaiueHTTiK OyCTHHT
Karu/lacblHa HETi3/eNe/ll JKOHE KEeCTeINK JEepPEKTEepAEri ChI3BIKTHIK €MeC TOYeNAUTIKTepAl THiMII
yiipene anaael (Chen, Guestrin, 2016: 785). Dueprerukansik 6omkay ecenrepinge XGBoost, Random
Forest sxone LightGBM cusKTbl MOAENbIEp JIarThIK OENTrIEPMEH, )KbUDKBIMAJIbI OpTallla MOHIEPMEH
JKOHE KYHTI30emik OenriepMer Oipre KoJJaHBIIFaHIa TYpakThl HoTKe Oepeni (Lago et al., 2021:
116983).

TepeH OKBITY oficTepl YaKbITTBIK KaTapiapAarbl KypAeli ToyeJAUTiKTepAl YHpeHy
KaOineriMen epekmeneneni. LSTM skemici y3aK *oHE KbICKa Mep3iMIi TOYENIUTIKTEpi cakTay
YIIIH apHaibl KaKnaJiblk Mexanumaepal Konnananasl (Hochreiter, Schmidhuber, 1997: 1735). Qing
xoHe Niu LSTM monenin KyH paguanuscblH Oip KyH OypblH Ooikay MiHIETIH/AE KOJAAHBIN, aya
paiibl OomKamMIapbl MEH TapUXH JIEPEKTEp Il Oipre maiganany HOTHKEHIH )KaKcapyblHa 9Cep €TETiHIH
kepcerTi (Qing, Niu, 2018: 461). GRU, CNN-LSTM xoHe Oacka HEHPOHABIK apXUTEKTypanap aa
YKaHAPTBIIATHIH SHEPTUSHBI O0JIKay/ia KOJIJaHbLIa Ibl, OipaK olap/bl canajbl OKBITY YIIIiH KETKUTIKTI
KOJIEM/IET1 IEPEeKTEP MEH ECENTey PeCypCTaphbl KaKeT.

Conrbl xputnapsl Transformer HeriziHaeri MOAEIbAEP Y3bIH YaKbITTHIK KaTapiaapMeH jKYMbIC
icreyre Oeriimaenin kenmexi. Informer mozem y3ak pertunikTepai Ooipkay ymIiH THiMAL attention
MeXaHu3MiH YChIHABI (Zhou et al., 2021: 11106), an Temporal Fusion Transformer xemkamamisr
YaKBITTBIK OOJKaMia MHTEpIpeTalUsIaHaThIH apXUTEeKTypa peTiHae Kapacteipsuiansl (Lim et al.,
2021: 1748). [lerenMeH MyHIail MOAETBAEP CTYACHTTIK ACHI€HU/ET] MAFblH SKCIIEPUMEHTTEp YIIiH
KypZieni 00Jybl MYMKIH.

bomkam Hotmxkenepin Oaranmay kesinnme RMSE, MAE xonme MAPE wmerpukamaper xui
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Konmaneiaael. Hong sxoHe opinmTecTepi SHepreTHKaNbIK OopKayaa Tek Oip MeTpukara cyieHOei,
MOJIeJb canachlH OlpHelIe KOpCeTKII apKblIbl Oaranay MaHbI3/bl ekeHiH aran oTTi (Hong et al., 2016:
896). Ocwl ofebuerTepre CcyiieHe OTBIPBIN, OV MaKajgaaa CTYACHTTIK 3€pPTTEy ASHICHIHIE YIII TOCLT
CaJbICTRIPbLIaABL: Kiaccukanblk ARIMA, marteik Oenrinepre HerizaenreH XGBoost xxone LSTM
JIOTUKAChIHA YKCAC TepPe3eNiK MPOKCU-MOIETb.

JepexTep xKubIHbI. 3eprTeyne 2023 KyHTI30€iK KbUTbIHA apHATFaH CHHTETHKAIIBIK CAaFATTHIK
JiepeKTep KUbIHBI Maigananbuiael. JKanmsl Oakpulaynap canbl 8760 cararThl Kypaabl. Jlepekrep
HakTel ENTSO-E nepekrepiHeH Tikened aiblHFaH JKOK; OJIap KYH JKOHE KeJ TeHEepalHsChIHBIH
JKaNIbl CTaTUCTUKAJBIK JKOHE MayChIMJIBIK KaCHETTEpiH MMHTALMATIAY MaKCcaThIHIA skacanasl. by
TOCUT CTYIEHTTIK 3epTTey YIIiH MOJENbIACPAl KayilcCi3 >KoHe KalTalaHaThIH OpTaja CallbICTBIPYFa
MYMKIHJIIK Oeperti.

KyH reHeparusichl YIIiH TOYIIKTIK CHHYCOHMJAIBIK KUCBHIK, MAyCHIMJIBIK MOMIYJISIUS KOHE
Ke3JICHCOK Iy KOJIIaHBLIIBI. TYHT1 yaKbITTa TeHEepaIis HOJIre KaKbIH, all KYH/Ii3 )KOFaphl MOHJICpIe
ue Oomanpl. JKen reHepanuschl YIiH aBTOPETPECCUBTI 1Ty JKOHE MayChIMJIBIK KOMIIOHEHT €HTI3UI/,
ceb6e0i skel pecypchl KYH TeHepalnusachiHa KaparaH/ia dJJeKaia CTOXacTUKAIBIK CUIIaTKa €.

MammHaabIK OKBITY MOJACIBICPl YIIIH Keneci Oenriiep KOMIaHbUIIbL: JTarThlK Ooenrinep (t-1,
t-2, t-3, t-24, t-48, t-168), 24 caraTThIK >XBUDKBIMAJbl OpTallla MOH >KOHE KYHTI30emik Oenriiep
(carar, aif, anra kyHi). Tepe3enmik MPOKCU-MOJENb YIINIH COHFbI 72 CaFaTTBIK JEPEKTEp Tepe3eci
naiiiaJaHbUIIbL.

Marepuasgap meH 3eprrey daicrepi. ARIMA Moneni KyH reHepanusChIHBIH KYHJIEMIKTI
KUBIHTHIK MOHAEPIHE KONIaHBUIIABL. By MOJENb OCHI )KYMBICTA KaparmaibiM CTATHCTUKAIBIK 0a3aJIbIK
Tocin petiHae KapacTelppliabl. ARIMA HoTmkenepi cararthlk X(GBoost koHe mnpokcu-Monenb
HOTHIKEJIEPIMEH TIKeNIel TeH JACHren e emec, 6a3ablK CalbICTHIPY PETIH/E FaHA TalJaH bl

XGBoost mozeni KyH KOHE JKeJl TeHEpalMSICHIHBIH CaFaTThIK KaTapjapbl YUIiH Oeyek
OKBITBLIIBI. MOJICITb JIArTHIK JKOHE KYHTI30€IIK Oenriiep/l naiaaianpln, Oonalrak reHepaus MoHIH
6ommxanel. Herisri runepnapamerpiep perinae 300 arami, MakcuMalnibl TepeHIIK 6 >KOHE OKY
Ko IaMasiEsl 0,05 KOagaHBLIIEL.

TepeH okpITyFa yKcac mpokcu-moaenb Tonblk LSTM xemici emec. On cOHFBI 72 CaraTThIK
TEpEe3e/IeH aJIbIHFaH ChI3BIKTHIK eMeC Oelrijiep MeH CTaTUCTUKAJBIK cullarTaMasapra Herizaenai. byn
tocim LSTM skemiciHiH YaKbITTHIK TOYCJIIUTIKTEPMEH JKYMBIC iICTEY MISSACHIH KCHUIAETIITEH TYpIe
KOpCeTy YLIIH KOJJaHbUIAbl. MyHIail MOJeNb OKy-3epTT€y MaKCaThIHJA TYCIHIKTI OHE ecemnTey
YKaFbIHAH KECHLT OOJBIT TaObLTAIBI.

Monensaepain camacein Oaranmay ymiiH RMSE, MAE xonme MAPE wmerpukanapsl
konnaneabl. Herisri caneictelpy RMSE xone MAE OoiipiHma >xyprizuigi, ce6edbi MAPE
HOJITE JKaKbIH MOHJICP KE31H/I€ TYPAKChI3 HOTHXE Oepyl MYMKiH.

Baranay xarramacsl. [lepexTep KUbIHBI YaKbIT O0ibIHINA €Ki Oesikke OemiHai. 2023 KbUIFbI
KaHTap—Kapallla apajbIFbIHAaFbl JEPEKTEeP MOACIBACPAl OKBITY YIIIiH, aJ )KEJITOKCAH AbIHBIH COHFBI
30 KYHI1 TECTUTIK K€3€H PETiH e Maiananbuiasl. MyHaai 661y yaKbITTBIK KaTapiiap YIIiH TYPHIC TOCLT
0oJIBIN caHanael, ce0ed1 Ooamak 1epeKTep OKbITY KE3eHIHE apaiacThIPhLIManIbI.

CaraTThIK MOJICNIB/ICP YIIiH TecT Ke3eHi 720 6akputaynad Typasl. ARIMA Momeni KYHIETiKTI
YKUBIHTBIK MOHJIEPMEH KYMBIC 1CTET€HIIKTEH, OHBIH TeCT Ke3eHl 30 KyHik OakbuiaynaH Typabl. Ockl
alBIPMAIBUTBIK HOTHIKENEPl TYCIHIIpY Ke31Hae ecKepiiii.

Horuikesep. 1-xectene MonenbAepniH TECTUIIK KE3€HAET! HOTMKenepl kepceTuireH. KyH
reHepanusicel OoibiHIma eH ToMeH RMSE MoHI Tepesenik nmpokcu-moaensae Oaikanasl. XGBoost
HOTHIKECI OFaH eTe KakblH Oonsl. JKen renepauusiceinaa exi moaensaiq RMSE monzaepi mamanac
00J11bI, OYJI JKeN TeHepAIUSCHIHBIH Ke3/IeHCOK aybITKYIaphl >KOFaphl €KeHIH KOpCeTe/Ii.
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Kecte 1. Monenbaepain 6omxay Hotmkenepi [Table 1 — Model Forecasting Results]

Mognean / Model RMSE MAE MAPE (%)
ARIMA (xyn/solar, daily) 130,23 MWh 104,60 MWh 11,4
XGBoost (kyH/solar) 23,44 MW 18,35 MW 90,0*
XGBoost (xen/wind) 179,92 MW 144,82 MW 105,8*
[Tpokcu-mozens/Proxy (kyH/solar) 21,50 MW 16,42 MW 72,0%
IIpokcu-monens/Proxy (sxken/wind) 179,71 MW 139,88 MW 113,5*

* Ecxkepmy: MAPE manoepi nonee scaxvln ceHepayus kezeHoepinoe xHcoeapbl O0ybl MYMKIH,
conovikman Hezizei canvicmuipy RMSE sicone MAE 6otivinwa scypeizingi.

KyH renepanuscel 6oibIHIIA: Tpokcu-Moaeb X GBoost-Tan com sxakcwl HoTHXRe Oepai (21,50
vs 23,44 MBt RMSE). ARIMA ToymiKTiK >KUBIHTBIK JA€peKTepMeH >xyMblc icreiiai (MBrt-car),
COHJIBIKTaH OHBIH MOHI CaFaTTBIK MOJICIBACPMEH TiKEJIeH CabICTHIPHUTMA B — TeK 0a3albiK Oaraap
peTiHIe KapacThIPhUIAIEI.

XKen renepanuscel OOHBIHINA: €Ki MOACNB/IIH HOTHXecl Oipaeit nenreiae (179,92 vs 179,71
MBT RMSE). by en reHepanusChIHBIH KOFapbl CTOXAaCTUKAJIBIK CHUITAThIH JKOHE TEK TapUXH
JiepeKTepre CyeHyaiH MeKTeyIUIiriH kepceTeai. Aya paiibl allHbIMaIbIIapbIH KOCY O0MKaM TNIIT1H
apTTHIPYBl MYMKIH.

MAE aGcomtoTTik opTaiia KareHi enmenai. [[pokcu-mMoaens KyH reHepaiuschl YiiliH €H TOMEH
MAE wmonin 6epai (16,42 MBT), Oy71 OHBIH TOYIKTIK 3aHABUTBIKTap A6l X GBoost-ka Kaparaua comn
KaKChl YCTAUTHIHBIH KOPCETE/l.

MAPE nHenre KaKkbIH TeHepalus Ke3eHaepinae (TYHT1 caFaTTap, K )KOK Ke3/IEp) dKOFaphl MOH
Oepeni — OyJ1 MOZIETb/IiH HAIIAPIIBIFBIH €MEC, METPUKAHBIH HIEKTeYiirin kepceteni. ARIMA-HbIH
11,4% nemn KkepiHETIH HOTUKECI OHBIH TOYJIKTIK JEPEKTEPMEH KYMBIC ICTey1HEH TybIHAaNW b1, Heri3ri
cansicThipy yiiiH RMSE sxone MAE kongaHbUTybl YCHIHBUTA B

Tankbinay. Kyn reneparusicel OOMBIHIIA allbIHFAH HOTIDKEIEp JIATTHIK KOHE Tepeserik
Oenriiepal KOJJAHATBIH MOJAETBACPAIH KJIACCUKAJIBIK CTAaTUCTHKAIBIK TOCUIAEpre KaparaHjaa
TUiMAl OonaTeiHBIH KepcerTi. [Ipokcu-momens XGBoost-raH conm kakcel HOTHXKE Oepai, Oipak
alBIPMAITBUIBIK OTE YIKEH eMeC. Byl CTYIeHTTIK 3epTTey YIIiH MaHBI3Ibl KOPBITBIHABL: KYpAeli
MOJIeNIb 9pKalllaH alTapiibIKTall apTHIKIIBUIBIK Oepe Oepmeiini, acipece AepeKTep Kejemi IIeKTeyIl
OoJIFad Xaraamima.

XKen renepanusicein Oomkay kypaemipek Oomabl. XGBoost meH mpokcH-MOaenbAiH
HOTHOKeJepi Oip-OipiHe >kakblH Oonnmbl. bBynm  KenmmiH Ke3[AecoK cumaTbl MEH — CHIPTKBI
METEOPOJIOTHUSUITBIK (haKTOPIIApABIH MaHBI3/Ibl CKeHIH KopceTe . Erep HaKThI aya paiibl OommKkaMaapsl,
KeNl IKbUIIAMIIBIFBI, KBICBIM JKOHE TEMIIepaTypa CHSKTHI KOCHIMINA Oeiriiep KOoJITaHbLICca,
MOJIEITIBJIEP/IIH Carachl )KaKkcapybl MYMKIiH.

MAPE MeTpuKachiHBIH >KOFapbl MOHJIEpi MOZCNIBICPAIH MIHIETTI TYpJAE HaIap eKeHIH
oinpipmeiini. KyH reHepanuschl TYHIE HeJIre akblH OONaabl, aj >Kell TeHepaluschl Kehoip
Ke3eHIep/ie oTe TOMEeH 00iTysl MyMKiH. MyH/all skaFaiia a3 aOCoOMIOTTIK KATe 1€ YIIKCH IMalbI3IbIK
Kare periHae kepiHenal. COHABIKTAH »XaHAPTHUIATHIH 3HEprusinel Oomkxayna RMSE, MAE xone
Hopmananrad RMSE cuskTer MeTpukanapasl 6ipre Kongany kaxet (Hong et al., 2016: 896).

3eprTeyniH mekTeyaepi. by skyMbICTBIH OipHeme mekteyi 0ap. bipiHiineH, 3epTTey HaKThI
OHJIIPICTIK JepeKTepre eMec, CHHTETUKAIBIK AepekTepre Heriznenai. COHIBIKTaH HOTHXKeNep HAKThI
ANIEKTP CTAHIUSUIAPHI YIIIH TiKeleH Kolganyra apHanmaraH. Exinmnigex, Tonsik LSTM HelHpoHIbIK
JKEJICl €eMeC, OHBIH JIOTMKACHIH TYCIHIIPETIH KEHUIACTUITEH MPOKCU-MOMAETh KOJAAHBUIIBL.
Yminmriges, ARIMA moxpeni kynaemikTi nepekrepre, an XGBoost koHe MpOKCH-MOJIEeTh CaFaTThIK
nepekrepre Kommanbuinbl. Ockl cebenti ARIMA Hotmwkenepi Tek OaszanblK Oarmap peTiHe
KapacThIPbUIJIBI.
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Bonamaxk 3eprreynepae Haktel ENTSO-E, Open Power System Data nemece Renewables.ninja
JIepeKTepiH maimanany, congai-ak Toiablk LSTM, GRU xome LightGBM wmopenpnepin Kocy
ycoiHbuiazbpl. COHBIMEH Karap aya paibl ailHbIMANbUIAPBIH €HTI3y MOAENbACPAIH MPaKTUKAJIBIK
MaHbBI3bIH apTTHIPAIBI.

KopbIThiHabl. byn makanana >kaHapTHUIATBIH SHEPTUs TEHEPALHUSACHIH KBICKA Mep3imjii
o6omxay ymin ARIMA, XGBoost xone LSTM norumkaceiHa yKcac Tepe3eliK NPOKCH-MOJIENb
CAJBICTBIPBUIIBI. 3€pTTEY CHHTETUKAIBIK CAFATTBIK JEPEeKTep HETI3iHIe OpPBIHAAIIB JKOHE
OakajaBpHar JEHIeHIHIET1 OKY-3€PTTEY JKYMBICHI PETIHAEC KapacThIPBLIIBI.

Hotmxenep kyH reHepanuscel yiliH TPOKCU-MOAeTbAIH eH ToMeH RMSE MoHIH KepceTKeHiH
(21,50 MBrT), an XGBoost MojieniHiH OFaH KaKblH HOTHXe OepreHiH (23,44 MBT) anbikranst. XKen
TeHepaIusIChl YIIIiH €Ki MOAENBIIH camackl ImamManac Oonael. by skenm reHepanusicblH Ooikayma
CBIPTKBI METEOPOJIOTUSUTBIK (haKTOPIAPIBIH MaHBI3bIH KOPCETEI.

XKamel anranma, )KYMBIC MalIMHAIBIK OKBITY MOJCIBJICPIHIH JKaHAPTHUIATBIH SHEPTUSHBI
O0okay MiHACTTEepiHIe nangansl ekeHiH kopcerti. CoHbIMeH Oipre 3eprrey MAPE meTrpukachiH
abaiinan KoJAaHy KaXeT eKeHIH KoHe HAKThI JePEKTePMEH KYMBIC icTey Oonaiak 3epTTeysep YiliH
MAaHBI3/bI OaFbIT EKEHIH JDJIEIIEL.

Kocbimma: Python konbina KbpicKama cunarrama. 3eprreyiae Python Timinaeri numpy,
pandas, statsmodels, xgboost »xone scikit-learn kiTamxananapel KoJAaHbUIABL. KOATBIH Heri3ri
Ke3CHJepi: CHHTETUKAIBIK JIEPEKTEp/Al TeHepalusiiay, yakbIT OOWbIHINIA train/test Oeiy, JarThIK
oenrinepai Kypy, XGBoost Moaenin OKbITY, Tepe3eiKk IpoKCUu-Moaenbal Kypy xone RMSE, MAE,
MAPE meTpukanapbIH €cenTey.

JlepekTep Ko31epi.

- Renewables.ninja — hourly solar and wind capacity factors, CSV format.

- ENTSO-E Transparency Platform — actual generation data by production type, hourly
resolution.

- Open Power System Data — cleaned European power-system time series.

- EIA Open Data — electricity generation data for the United States.
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Annoranus. Hacrosmas crarssl MOCBsIIEHA 33/1a4€ NEPCOHATU3UPOBAHHON PEKOMEHIallU
KYJIBTYpHO-PA3BJICKATeNbHbIX COOBITMM B  YCIOBHUSIX 3KCTPEMAJbHOTO  XOJIOHOTO  CTapTa,
XapakTepHOTO Il OWJEeTHBIX OHNAWH-TIatGopM. McciaemoBaHue BBITIOTHEHO HAa pPeaTbHBIX
00€3/IMUEHHBIX JIaHHBIX HAIMOHAJIBHOM OwmimetHoil tuiatdhopmbl Kazaxcrana, O0XBaTHIBAIOIINX
12 715 B3aumoneiictBuii 10 657 momnwp3oBateneit ¢ 2 074 coObITHSIMH B YETHIPEX TOpoOJax
cTtpanbl 3a mepuoa ¢ mapra 2023 r. mo ¢eBpanp 2024 1. OCOOCHHOCTBIO JAHHBIX SIBISIOTCS
MEAMaHHOE YMCIO B3aUMOJCHCTBUNM HA IIOJb30BATENsl, PAaBHOE €IMHHULE, 0N «XOJOAHBIX)
N0JIb30BaTeeil B KOHTpPOJbHOM Mecsue 83 % u okomo 50 % mNOKYyNOK, NPUXOJAUIMXCA Ha
COOBITHUSA-TIPEMbEPBI, HE HMEIOIINEe HCTOPHHM MpoAaK. B pamkax eIMHOTO MPOTOKOJA CTPOTOU
BPEMEHHOW BaJUJallM{ HA MIECTH MECSYHBIX (DONIax cOmocCTaBlieHbl 13 alropuTMoB: OT 6a30BBIX
MoOJIeNIei MOMyIISIPHOCTH 10 THOPUIHOTO rpagueHTHOro pamkuposirka LightGBM (LambdaRank) ¢
TOTO/THBIMU, KAJICHTAPHBIMH U aQUITHBIMU PU3HAKAMU U CMEIIMBAHUEM PAHTOB METOIOM 00paTHOM
panroBoii ¢y3un (RRF). Craructuueckas 3HauMMOCTh pa3iMuuil OLEHUBAJIACh METOJIOM HapHOTO
oyrctpena (5000 permkartoB, 95 % noBepuTeNnbHBIE HMHTEPBAJbI). YCTAHOBIECHO, YTO 3HAHHE
adumM CIeAyIoLEero Mecsna obecrneunBaeT HaWOOJIBIIUKA U CTATUCTHUECKH 3HAUYMMBIM MpPUPOCT
kagecTBa (AMAP@10 = +0,0084; p < 0,0001), mpeBpimaromuii 3pHEKT OT JOOBIX YCIOKHEHHMA
COOCTBEHHO arOPUTMAa PAHKUPOBaHUS; Tydiias koHduryparmus nocturaet MAP@10 = 0,0578, uto
Ha 17 % BbIlIe CUIBHEHIIIETO HeIePCOHAIM3UPOBAHHOTO 0a30BOr0 anroputma. I[loronHeii KOHTEKCT
JEMOHCTPHUPYET MPUPOCT Ha TpaHUlle cTaTUcTHueckor 3Hauumoctu (p = 0,053), xaneHmapHbie
NPHU3HAKU caMU 10 cebe 3HaunmMoro 3¢ dekra He narT. [lomydeHHbIe pe3ynbTaThl 000CHOBBIBAIOT
MIPUOPUTET UHTETPALIMH TAHHBIX a()UIITH B MPOTYKTUBHBIE PEKOMEHIaTEIbHBIE KOHTYPBI COOBITHITHBIX
m1aTdopmM.

KiroueBble cjioBa: peKOMEHIATENIbHBIE CHCTEMBI, XOJIOAHBIN CTapT, paHXKUPOBaHKE, TpaJueHTHbIA OycTuHr, LambdaRank,

KOHTEKCTHO-3aBUCHMBIE PEKOMEHIAINH, COOBITHIHBIE 1aThopmbl, MAP@10.
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Abstract. This article addresses the problem of personalized recommendation of cultural and
entertainment events under the extreme cold-start conditions typical of online ticketing platforms. The
study is based on real anonymized data from a national ticketing platform of Kazakhstan, covering
12,715 interactions of 10,657 users with 2,074 events in four cities of the country from March 2023
to February 2024. The dataset is characterized by a median of one interaction per user, an 83 % share
of cold-start users in the holdout month, and about 50 % of purchases falling on premiere events
with no sales history. Within a unified protocol of strict temporal validation on six monthly folds,
13 algorithms were compared: from basic popularity models to a hybrid gradient-boosted ranker
LightGBM (LambdaRank) enriched with weather, calendar and schedule features and rank blending
via reciprocal rank fusion (RRF). Statistical significance was assessed using a paired bootstrap
procedure (5,000 replicates, 95 % confidence intervals). It was found that knowledge of the next
month's event schedule provides the largest and statistically significant quality gain (AMAP@10 =
+0.0084; p < 0.0001), exceeding the effect of any refinement of the ranking algorithm itself; the
best configuration achieves MAP@10 = 0.0578, which is 17 % above the strongest non-personalized
baseline. The weather context demonstrates a gain at the boundary of statistical significance (p =
0.053), while calendar features alone yield no significant effect. The results substantiate the priority
of integrating schedule data into production recommendation pipelines of event platforms.

Keywords: recommender systems, cold start, learning to rank, gradient boosting, LambdaRank, context-aware

recommendation, event platforms, MAP@10.

SKCTPEMAJIJIbI «CYBIK CTAPT» JKAFTAWBIHIA MOJAEHHU-ONBIH-CAYBIK
IC-IIIAPAJIAPBIH YCBIHY: AGUIIAHBIH, AYA PAVBI MEH KYHTI3BEJIIK
KOHTEKCTIH KYHJIBLIBIFBI (KASAKCTAHJBIK BUJIET IIJIAT®OPMACBHIHBIH
JEPEKTEPI HET'I3IH/IE)

'B.B. Maparos*, 2K. Jlamamesa
L2]1. H. T'ymunes ateiagarsl Eypasus ynrteik yausepeuteri KeAK, Acrana k., Kazakcran
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B.b. MaparoB — «IT-nmeri OusHec-aHanuTuka» OuTiM Oepy OarmapiamMachlHBIH 1-Kypc
maructpanTbl, «JI. H. I'ymuneB arsingarsl Eypasus yntteik yHuBepcureri» KeAK, Acrana K.,
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K. JJamameBa — PhD, kaysimpacTeipsutran npodeccop, «J1. H. l'ymunes arsinnarst Eypazus
yirteIK yHuBepcureti» KeAK, Actana k., Kasakcran Pecybnukachst.

Anparna. byn wmakama Owier caTy OHJIaWH-TUIaTGOpMasiapbiHa TOH  AKCTPEMAJIIBI
«CYBIK CTapT» KarJalblHAA MOJCHHU-OMBIH-CAYBIK IC-IIapajapblH JAepOCCTEHAIPUITeH TYpAe
YChIHY MocelieciHe apHaiFaH. 3eprrey KaszakcTaHHBIH VITTHIK OWJIET IIaTGOpMachIHBIH HAKThI
WECI3ICHIIPUITeH JepeKTepl HeriziHnae opeiHaanasl: 2023 blrbl Hayphi3 O¢H 2024 KbUIFBl aKIIaH
apaJIbIFBIHAA eJIIH TepT KanacbiHmarbl 2 074 ic-mmapamen 10 657 maipamanymieiabiH 12 715
e3apa opeKeTTeCyl KaMThUIbL. JlepeKTepiH epeKieniri - Oip maliganaHylibFa MaKKaHAaFel ©3apa
OpeKeTTeCcylepAiH MeauaHackl Oipre TeH, Oakplaay aWbIHIAFbl «CYBIK» MaiaanaHylIIbUIap/IbIH
yieci 83 % sxoHe caThin amynapAsiH mamaMeH 50 %-bl caTy Tapuxbl KOK IpeMbepa-ic-Iapaiapra
tuecini. KataH yakpITTBIK BalMJAIMAHBIH OipbIHFail XaTTamachl asiChIHIA anThl ailibK (onara 13
QJITOPUTM CaJIBICTHIPBUIIBI: Oa3aIblK TaHBIMAJABUIBIK MOJENIbIEPIHEH OacTarl aya paiibl, KyHTI130€JiK
KoHe aumanblK OenrinepmMeH OalbIThUIFaH opi paHruiepal kepi panrunik ¢ysus (RRF) opicimen
apanacteipatelH THOpuATI rpaaueHtTik LightGBM (LambdaRank) pamxupneymiicine maeifis.
AMNBIpMAIIBUIBIKTAPIBIH CTATUCTUKAJIBIK MaHBI3IBUIBIFBI JKYNTHIK OyTCTpen o/iciMeH OaraiaH]ibl
(5000 perumkar, 95 % cenimainik unTepBangapbl). Keneci aiinpin adumaceln 01y camaHblH €H
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YJIKEH 9pi CTaTHCTUKAIBIK MaHBI3IbI 6CIMIH KaMTaMachI3 eTeTiHi anbIKTanasl (AMAP@10 =+0,0084;
p < 0,0001), 6yn pamxupiiey alrOpuTMiHIH ©31H Ke3 KeITeH KYPACJIEHIIPY 9CepiHEH achIN TYCEl;
eH y3aik koHpurypamust MAP@10 = 0,0578 moniHe xerexl, OyJl eH KywTi AepOecTeHaipiiiMereH
6azanbik anroputMHeH 17 %-fa xorapbl. Aya pailbl KOHTEKCTI CTaTHCTHUKAJBIK MAaHbI3IbUIBIK
mekapacsiHaarel eciMai kepcereni (p = 0,053), an kyHTi3Oenmik Oenriiep ©3[IriHEH MaHBI3IbI
ocep Oepmeiiai. ANBIHFaH HOTIKeNep adwuia JepeKTepiH ic-mapa miaTdhopMalapbIHbIH OHIIPICTIK
YCBIHBIC KOHTYpJIapbIHA WHTETPAIHSIIAYIbIH OaChIMIBIFBIH HET13ICH 1.

KinT ce3aep: yChIHBIC XYHenepi, CyBIK CTapT, pamwKHpliey, rpaaueHtTik OyctmHr, LambdaRank, xoHTekcTke Toyenmi

YCHIHBICTap, ic-mapa miardopmanapsl, MAP@10.

Beenenne. CtpemutenbHas muQpoBu3anus cdepsl KyIbTYpPHOTO NOTpeOJIeHHs NpHUBeENa
K TOMY, YTO OWJICTHBIE OHJAWH-TUIAT(GOPMBI CTAIM OCHOBHBIM KaHAJIOM TUCTPHOYLUH OHIIETOB
Ha KWHOIIOKa3bl, KOHIEPTHI, Te€aTpajbHbIC TOCTAHOBKH, CIOPTUBHBIE U JETCKHE MEPOIPHUSTHS.
B ycnoBusix HenpepbIBHO OOHOBISIOLIEHCS aduIIM MOJIb30BaTENb CTAJIKUBAETCS C MPOoOIeMoid
“H(pOPMAITMOHHON TIEperpy3Kkd, a miargopma - ¢ HEOOXOAMMOCTHIO MEPCOHATM3AIUN BbIIAYH:
CBOEBpEMEHHAsi M peJieBaHTHas PEKOMEHJAllMsl HampsIMyl0 BIUSET Ha KOHBEPCHUIO, yAep)KaHHe
ayIUTOPUHM M DKOHOMHUKY cepBuca. OCHOBHBIM HHCTPYMEHTOM pEIICHHUs 3TOW 3aJayu SBISIOTCS
pPEKOMEH/IaTeNIbHbIE CHUCTEMbI, KOTOpBIE 3a IMOCIEIHUE [Ba JECATUIETHUS CTadd OJHUM U3
Hanbosee BOCTpEOOBAHHBIX MPHUIIOKEHUI MeTo10B MamnHHOro o0y4enus (Ricci u ap., 2015:1003;
I'om3un&KopyHos, 2012:401-417).

Knaccnueckmii  apceHan pEeKOMEHIATENBHBIX CHCTEM BKIIOYAET  KOJUIAOOPAaTHBHYIO
¢uibTpalMio, OCHOBAaHHYIO Ha CXOXecTH o0bekTtoB (Sarwar u 1p., 2001:285-295) wm
JAaTEeHTHBIX (DAKTOPHBIX MPEICTABICHUAX, IIOJMydyaeMbIX MaTpu4Hoi Qakropuzamuein (Koren
u gap., 2009:30-37), B Tom uucie s HesiBHOM oOparnoit ceszu (Hu wm ap., 2008:263-272);
KOHTEHTHBIE METONbI, ONHPAIOUINEeCcsS Ha BEKTOPU3ALMI0O TEKCTOBBIX OMHCAHUNA OOBEKTOB
(Salton&Buckley, 1988:513-523); a Takxe ruOpHUIHbIE APXUTEKTYPbl, KOMOUHUPYIOIIHE HECKOIBKO
uctounnkoB curnana (Burke, 2002:331-370). CoBpeMEHHBIM CTaHAAPTOM IPOMBIIIJIEHHOTO
PaAHKUPOBAHUS BBICTYHAIOT METObI OOyUEHHs PAHKMPOBAHUIO HA OCHOBE TPaUEHTHOTO OyCTHHIa
- cemeiictBo LambdaRank/LambdaMART (Burges, 2010:19), s¢dexkruBHo peannzoBanHOe B
oubmuorexke LightGBM (Ke u ap., 2017:3146-3154). [Ins ycToH4rBOro 0ObEeIUHEHUSI HECKOJIBKUX
PaHXKMPOBAHHBIX CIIMCKOB IIMPOKO MpUMeHsieTcs: oOparHas paHrosas Qys3us (reciprocal rank fusion,
RRF), nemoHcTpupyromas pe3yinbTaThl Ha ypOBHE W BHIINIE O0Oy4aeMbIX METOJOB CMEIIUBAHHUS
(Cormack u ap., 2009:758-759).

Bmecte ¢ TeM COOBITUHHBIM [TOMEH MPUHIMIIAAIBHO OTIMYAeTCs OT TPAJAULUOHHBIX
JIOMEHOB PEKOMEHIATENbHBIX CHUCTEM - KHHO- M BHJIEOCEPBHCOB, JJIEKTPOHHOM KOMMEPIIUH,
My3bIKaIbHBIX IuIaTGopM. CoObITHE CyIIECTBYeT OIpaHMUYEHHOE BpEeMs U IOCIE IPOBEICHHUS
0€3BO3BpaTHO TMOKUAAET KaTaJjior; >KM3HEHHBIH HUKJI OOBEKTa COCTABIISET JHU WIM HENEIH; K
MOMEHTY (hOpMUPOBaHNS PEKOMEHJAIINY 3HAYUTEIbHAS YacTh PEIeBaHTHBIX OOBEKTOB €I HE UMEET
HU oxHoro B3ammojencTBus (Macedo u ap., 2015:123-130). Tem cambIM TpoOiieMa XOJIOIHOTO
crapta (Schein u np., 2002:253-260; Lam u np., 2008:208-211) mpuoOperaeT B COOBITUIHOM
JIOMEHE IKCTPEMaJIbHBII XapakTep: XOJIOJHBIMH OKa3bIBAIOTCS OMHOBPEMEHHO W IIOJIb30BATENH, U
o0bexThl. Kpome Toro, mocemenue o¢uiaiiH-COOBITHS, B OTIMYME OT HOTpeOieHus HuQpoBOro
KOHTEHTA, MOTEHIIMAIbHO 3aBUCHT OT BHEIIHEr0 KOHTEKCTa - MOTOAHBIX YCIOBUH, MPa3THUYHBIX U
BBIXOJIHBIX JHeH (Adomavicius&Tuzhilin, 2005:734-749; Trattner u np., 2018:117-150), yto nenaer
COOBITHIHBIE PEKOMEH/IAIIUH €CTECTBEHHBIM MOJIMIOHOM JUIsl KOHTEKCTHO-3aBUCUMBIX MOJIEIICH.

AHanu3 JUTepaTyphl BBIABISET CYIIECTBEHHBIM pa3pblB  MEXAY aKaJIeMUYECKHUMHU
OeHUMapKaMl M TIPAKTHYECKUMH YCIOBHUSMHU pPaOOTBI PErHOHANBHBIX OWJIETHBIX IUIATPOPM.
AOCOIOTHOE OOJIBIIMHCTBO MyOIMKYyEMbIX CPABHEHUH BBIMTOIHICTCS HA IUIOTHBIX HaOOpax MaHHBIX
tura MovieLens nm Netflix, rie Ha monp30BaTesst IPUXOIATCS NECATKU U COTHU OIEHOK; TIPU 3TOM
MI0Ka3aHO, YTO Ha Pa3peKEHHBIX JAHHBIX TUIATEIbHO HACTPOEHHBIE MPOCTHIE OA30BbIE AITOPUTMBI
HEPENKO IPEBOCXOAT CIOKHBIE HelpoceTeBble apxuTektypbl (Dacrema wm np., 2019:101-109).
Cucremarnyeckrue HCCIENIOBAaHUS Ha peajbHBIX TPAH3aKLIHMOHHBIX MAHHBIX OWJIETHBIX IUIaTdhopM
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LenTpansHOi A3HH, XapaKTEPH3YIOIIUXCS MaJbIM O0BEMOM, SKCTPEMAILHOW Pa3peKeHHOCTHIO,
JIBYSI3bIYHBIM (PYCCKHM U Ka3aXCKKM) OTIMCaHUEM KOHTEHTA U BhIPaXKEHHOM rOpoICKOH JIOKaIu3alei
CIpoca, B OTKPHITOM Me4yaTu MpPaKTUYeCKU OTCYTCTBYIOT. He M3ydyeH u BOIpoc O CpaBHUTEIHHOU
HEHHOCTHU Pa3IMYHbIX UCTOUHUKOB HH(OPMAIIUH - UCTOPUH MPOJAK, KOHTEHTA, BHEIIHETO KOHTEKCTa
U aQUILIN TPECTOSIIEro MecsIa - B MOJOOHBIX YCIOBHSIX.

Hayunass HOBM3HA HAaCTOSILETO MCCIENOBaHUS COCTOMT B cieayromeM: (1) BmepBble Ha
OTKPBITBIX O0E3JIMYEHHBIX JaHHBIX HALMOHAJIBbHOM OmnerHol miardopmbl Pecybnuku Kazaxcran
BBITNIOJIHEH CUCTEMAaTHYECKHil OeHuUMapk 13 peKoMEHAATEeNIbHBIX AJITOPUTMOB B paMKax €IUHOTO
MPOTOKOJIA CTPOrOM BPEMEHHOM Banuaauu; (2) npeyioxkeHa 1 KOJIMUYEeCTBEHHO OIEHEHA KOHIICTIIIHS
«ILIEHHOCTH a(UIIN»: IOKA3aHO, YTO 3HAaHUE KaTajora COOBITUI MPEACTOSIIET0 Mecsla 00ecTedrBaeT
CTaTUCTUYECKU 3HaYUMBbIN MPUPOCT Ka4eCTBa, MPEBBIMIAIOIINN 3PPEKT OT yCI0KHEHUS] COOCTBEHHO
MoOJlenu paHxupoBaHus; (3) BmoepBble i coObITMIiHOrO noMmeHa Kaszaxcrana wccienoBaHa
MHTErpalys MOroHOM KIMMATOJIOIMHU U MPa3JHUYHOIO KajJeHAaps B IPAJUEHTHBIN PaHKUPOBILHUK,
NOCTpOeHHast 0e3 yTeuek JaHHbIX U3 Oyayuiero; (4) mpuMeHeHa cTporas npoueaypa CTaTUCTUYECKON
Bepu(UKAIMK Pa3U4Mii HA OCHOBE MapHOro OyTcTperna Mo HaOIIoAeHUsIM «(OJA-MoIb30BaTEIb),
PEIKO MCIIONb3yeMast B MIPUKIIAJAHBIX paboTax 10 peKOMEHaTeIbHbIM CUCTEMAaM.

[enbto paboTHI SIBIIIETCS KOJTMUECTBEHHAS OLICHKA CPAaBHUTENIBHOT'O BKJIA1a aJITOPUTMHUECKOM
CIIO)KHOCTH, KOHTEHTHBIX CHUTHAJIOB, BHEIIHEr0 KOHTEKCTa W 3HAaHHUS auIIM B KauyecTBO
pEKOMEHAAUN KYJIBTYPHO-Pa3BIIEKAaTENIbHBIX COOBITHII B YCIOBUSAX SKCTPEMAJIbHOIO XOJIOIHOTO
ctapra. J{1s TOCTHKeHUs 1eNd PeLaInuch CIeayoIne 3a1a4un:

1. CdopmupoBarh BOCIPOU3BOANMBIN MPOTOKOI BPEMEHHOM BAIUIAIIMN U METPUKH Ka4eCTBa,
COOTBETCTBYIOIIHE MTPAKTUKE COOBITHIHBIX MIaTHOPM.

2. Peanu3oBaTh M COMOCTAaBUTH 0a30BbIEC, KOJIA0OpATHBHBIC, KOHTEHTHBIE W THOPHIHBIC
MOZIETI PEKOMEHAALMI ¢ TOCIeJ0BaTeIbHBIM J0OaBIEHHEM HOTOHBIX, KaJIEHAAPHBIX U a(UIIHBIX
IIPU3HAKOB.

3. OueHUTHb CTAaTUCTUUYECKYIO 3HAYMMOCTD Pa3Inunil MEX 1y MOJEISIMU U BBISIBUTH IIPU3HAKH,
BHOCSIIIME HAauOOJIbIINI BKJIaJl B PAaHKUPOBAHUE.

Marepuajibl M1 MeTOABbI HcciienoBaHus. lccienoBaHue BBIOJHEHO Ha O0€3IMYEHHOM
Habope TpaH3aKLUMOHHBIX JaHHBIX HAI[MOHAJIbHOW OWJeTHOM oHiaiH-tuatdopmel Kaszaxcrana
Ticketon, mpemocrtaBieHHOM B paMKaxX OTKPBITOTO aHalUTHYeckoro KoHkypca Freedom Data
Challenge (Data Science Academy, https://dsacademy.kz/fdc2025). HaGop oxBarkiBaeT mepuona ¢
mapta 2023 r. mo ¢eBpanp 2024 r. u Birodaer 12 715 B3aumonerictBuii 10 657 monb3oBaTenei
c 2 074 coObiTusiMu B 4eTbIpéX ropomax: Amnmarsl, Actane, Illepimkente u [laBnonmape. s
4 597 coObITuif AOCTYNHBI METaJaHHbIe: KaTeropus (KWHO, Tearp, KOHUEPT M 1p.), TEKCTOBOE
ONHMCAaHNE HAa PYCCKOM M Ka3aXCKOM f3bIKaX, IPOJOJIKUTENBHOCTb, BO3PACTHOM PEUTHHI, MPU3HAK
0TE4YECTBEHHOT'0 MPOU3BOJCTBA U o] BellTycka. Kaxk/1oe B3auMoieiicTBie CHa0KEHO CTaTyCOM 3aKa3a;
IIpY IOCTPOCHHUM MOJEJIEH cTaTrycaM IPUCBAaUBAJIUCh Beca: OIUIAYeHHBbIN 3aka3 - 1,0; OTMEHEHHBIN
Uiy Bo3Bpal€HHbIi - 0,4; co3maHHbIi, HO HE omadyeHHbId - 0,2. TeKCTOBbIE ONMUCAHUsI OYMIIATIUCH
ot HTML-pa3meTku, runepcchliok U CIy>KEOHBIX CUMBOJIOB; aTpuOyTHI M0JIb30BaTeNsl (ropo, MoJl,
BO3PACT) pacCMaTpPUBAIHNCh KaK CTaTHUYECKHE.

KitoueBoit ocoOeHHOCThIO HaboOpa SBISETCS AKCTpeMalbHas pa3peKeHHOCTb: MEIUaHHOE
YHCII0 B3aMMOJICHCTBUI Ha MOJIb30BaTeNs paBHO eauHule, muib 0,1% nap «moap30BaTenb-coObITHEY
NOBTOPAIOTCS, 83% I0JIb30BaTENEl KOHTPOJIBHOIO MECSIa HE NMEIOT UCTOPUU MOKYTIOK (XOJIOIHBIE
II0JIb30BATENIM), a OKOJO TIOJOBHHBI BCEX IIOKYNOK HPUXOIUTCS Ha COOBITHUSI-IIPEMBEPHI,
OTCYTCTBOBaBIIME B Karajmore panee. IlomoOHasi KoHQUIypauus MNpPaKTUUECKH MCKIIIOYAeT
3¢ ¢deKkTUBHOE TMPUMEHEHHE KJIAaCCHYECKOW KOJIa0OpaTUBHON (UIBTpAlUd B YUCTOM BHJE H
CMelIlaeT 3a7a4y B 001acTh THOPUIHBIX M KOHTEKCTHO-3aBUCUMBIX METOJIOB.

[IpoTokon oueHMBaHUS MOCTPOEH MO MPUHLHUIY CTPOTrOM BPEMEHHOW BaJWJALUMU Ha
IIECTH MeECAYHBIX ¢ongax ¢ garamu orcedeHus ¢ 1 centsops 2023 r. mo 1 despans 2024
r. Jlns xaxnmoro ¢onma oOydarolias HUCTOpUS BKIIOYAET TOJBKO B3aUMOAEUCTBHS, CTPOTO
MPEIECTBYIOIINE JaTe OTCeYeHHus, a dTanoHoM (ground truth) ciykaT omlaueHHbIE MOKYIKU B
TEUEHHE COOTBETCTBYIOIETo KajeHaapHoro mecsua. [lyn kanaunaroB gpopmupoBaics u3 coObITHA,
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MMEBIIIMX aKTUBHOCTh B TeueHue 60 maHel m0 marel oTcedeHus. KauecTBo OIEHUBAIOCh METPUKOM
cpenteit tounoct MAP@ 10, BeruuciseMoit o opuunaabHOMY CKPUIITY OpPraHU3aTOpOB KOHKypCa,
nornonHuTenbHO paccunthiBasiuch Recall@10 u HitRate@10 ¢ pa3genbHbiM y4€ToM TEIIIBIX U
XOJIOAHBIX TOJb30BaTeNeid. MtoroBass BeIOOpPKA /I CTaTUCTHYECKOTo aHaimu3a comepxutr 6 309
HaOIroneHu BUIa «PoiI-oIb30BaTEbY.

B cpaBHeHMe BKIIOYEHBI CIEAYIOIINE Tpymmbl Mojaeneil. bazoBbie Moaenu MOmynspHOCTH:
GlobalPop u CityPop paHXHpyIOT COOBITHS 1O HOMYISIPHOCTH C 3KCIOHEHIMAJIBHBIM 3aTyXaHHEM
BO BpeMeHHU (mepuojn noaypacnazna 14 cyTok), BO BTOPOM CIy4yae - ¢ CErMEHTalMed MO TOpoay
MOJIb30BaTeNsl M OTKaroM K miobanbHoMy peiitunry. KommaGoparusabsie mozpenu: ItemKNN
CTPOUT B3BELIECHHYIO 110 BPEMEHM Pa3pEKEHHYI0 MATPUILy «IOJb30BaTEIb-COOBITUEY U OLCHUBAET
KOCHHYCHYIO 051u30CTh coObITHIT; ALS - MaTpuuHast (hakropuzanius 17 HessBHOM oOpaTHoii cBsizu (64
JaTeHTHBIX QakTopa, peryispusanus 0,05; 30 urepauuit, koapdunuent ysepennoct 40) (Hu u np.,
2008:263-272). Konrentnas mozaenb Content TF-IDF Bekropu3yeT ABYsS3bIYHBIC ONUCAHUS COOBITHIA
(coBaps 110 60 000 npu3HAKOB, YHUTPAMMBbI U OUTPaMMBbl) U paHKHPYET KaHIUIATOB M0 KOCUHYCHON
OMM30CTH K MPOGUITI0 MOIb30BaTENsl, arpETUPOBAHHOMY M3 BEKTOPOB MPOCMOTPEHHBIX COOBITUH C
BpeMeHHbIM 3aryxaHnueM (Salton&Buckley, 1988:513-523).

['uOpuaHast Momenb pealn30BaHA KAaK JIByXAITAIHBI KOHBEWEp «reHepalusi KaHIUIaTOB
- pamkupoBaHue». OObEIUHEHHBIH CIUCOK KaHIUAATOB (HOpMHUpPYETCS U3 TPEX HCTOUYHUKOB!
ton-50 o ropoackoit momynspHocTd, Ton-30 mo ItemKNN u Ton-30 mo KOHTEHTHOH OIM30CTH
(cymmapuo 80-120 xanaugaToB Ha Mojib3oBarens). PaHkupoBaHME BBINOIHSETCS TpaJdEHTHBIM
oycruarom LightGBM c¢ uneneBoit ¢ynkuueir lambdarank um merpuxoit MAP (400 nepeBbes,
ckopocth oOyuenus 0,05; 63 nucra, muaumyM 20 HaOIIOAEHUN B JHCTE, CYyOAMCKPETH3ALIUS
ctpok u mpusHakoB 0,9) (Ke u nmp., 2017:3146-3154; Burges, 2010:19). Bektop omnucanus mapsl
«TI0JIb30BATEIB-COOBITHE)» BKIJIIOYAET 27 0a30BBIX MPU3HAKOB IIECTH I'PYIIT: CUTHAJIBI MOMYISPHOCTH
c 3aryxaHueM (B ToM uucie 3a okHa 3, 7, 14 m 30 cyTok, TpeHA M YCKOpPEHHE CIIpOcCa);
XapaKTePUCTUKH KU3HEHHOTO LIUKJIa COOBITHS (BO3PACT C MEPBOTO MOSBICHUS, TAaBHOCTh MOCIEHEN
HOKYIIKH, YUCJIO YHUKAJIbHBIX IIOKyIIaTeNIeil); KOHTEHTHBIE U KaTeropuajibHble IPU3HAKH (KaTeropus,
MIPOJOJIKUTEIBHOCTh, BO3PACTHOW pEeHTHHI, KocuHycHas Onmu3zocte TF-IDF); kommaGopaTuBHBII
curHan [temKNN; comnmanpHO-gemMorpaduyeckiue MpU3HAKK TOJIb30Baress (Tropoi, mMoj, BO3pacT,
COBIAJICHUE TOpOJa); IMoBeAeHUYeCKue arperarbl (ahPUHHOCTH K KaTeropuM W >KaHPY, YHUCIIO
B3aMMOJICHCTBUH, TaBHOCTH MOCHeIHEN aKTUBHOCTH). /i yCTpaHEeHUs] CMELEeHHs paH)KUPOBILIHKA
npu OOy4YeHUU TMPUMEHsIach KOMOWHUpPOBaHHAs BHIOOpKA HETaTHUBHBIX MPHUMEPOB: K MO3UTHBAM
u3 myna g06asisuioch A0 40 ciaydaiHBIX HEraTHMBOB Ha IoJib3oBarelisd. PUHAIBHOE MpeacKa3aHue
OTIIMOHAIBHO CMELINBAIIOCH C TOPOICKON MOIMYISPHOCTHIO METOZOM 00paTHOI panroBoit ¢hy3un RRF
co crnaxusatonieid koucranron 20 (Cormack u ap., 2009:758-759), uto crabuimsupyer BblIady B
Mecs1bl C aHOMaJIbHOW JMHAMMKOM cripoca.

KoHTekcTHBIE paclIupeHns CTPOMIIUCH C UCKIIOUYEHUEM yTeueK MHpopMaluu U3 OyayIiero.
[Toroauslit 6110k (8 MPU3HAKOB) UCIIONB3YET CYyTOUHBIE JaHHBIE OTKPHITOro MeTeoapxrusa Open-Meteo
(https://open-meteo.com) 1Mo dYeTHIpEM TOpOAaM; KIWMaTHYEeCKas HOpMa Mecsna (CpemHss
TeMIepaTypa, 0Nl CHEXHBIX JTHEH, A0y JHeH ¢ HeOIaronpusATHOW MOToJoW - MUHUMYM HHXKE
—15 °C nmubo ocagku He MeHee 1 MM) paccuuThBaiach Mo omopHomy mnepuony 2010-2022 rr.,
3aBEZOMO MPEALIECTBYIOIEMY HMHTEPAKIIMOHHBIM JaHHBIM, a (pakTHdecKas IMOoroja NpUBIEKaIach
TOJBKO JJI AT, Y€ HacTYNMBIIMX K MOMEHTy orceueHus. Kanenpmapubiii Onok (4 npusHaka)
KOJUPYET YHUCIIO MPa3IHUYHBIX THEH 1eeBOro Mecsla, HaJduuue KPYIMHBIX MPa3JIHUKOB M JIOJIO
MIpa3IHUYHBIX TOKYNOK cOObITHS. AduiHbil Onok (3 mpu3HakKa) OoTpa)kaeT 3HAHHWE KaTaylora
MIPEJICTOSIIETO MECSAIA: MHIUKATOP HOBU3HBI COOBITHS, PU3HAK OTEYECTBEHHOTO (PHJIbMa U Pa3HUILY
MEX/1y TOZIOM BBIITyCKa U TEKYIIUM T'0/I0M; J00aBJI€HHE 3TOT0 OJI0Ka COMPOBOXK/IAETCS pacCIIUPEHUEM
MyJa KaHJIUAaTOB COOBITHSIMU OOBSBICHHOMN a(UIlK, HE UMEIOUTUMH UCTOPUU MPOJAK.

CraTtucTryeckas 3HAYMMOCTh PAa3IUYUil MEXIy MOJAETSMHU OIIEHHWBAJIach METOIOM MapHOTO
oyrcrpena (Efron&Tibshirani, 1993:436): 3nauenuss AP@10 pecemmmupoBaimuce nmo 6 309
HaOMIOACHUAM «(ONA-TI0IB30BATENbY C OJAMHAKOBBIMU MHJIEKCAMHM JUIs CpaBHUBAeMbIX Mozenei (5
000 perummkaroB, (QUKCHPOBAHHOE 3EPHO TeHEPATOpa), PACCUUTHIBAIUCH 95% meplreHTUIbHBIC
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JIOBEPUTEIIbHBIE WHTEPBAIbl PA3HOCTH M JIBYyCTOPOHHHE p-3Ha4eHUs. Bce HIKCIeprUMEHTHI
BOCTIPOM3BOJIMMBI: MCXOIHBIA KO ¥ TOJHBIE PE3YIBTaThl JOCTYIHBI B OTKPBITOM PETO3UTOPHU
https://github.com/m-bikko/article-freedom-datachallange. Vcnonb3oBanHble HaOOpPHl  JAaHHBIX
OMyOJIMKOBAaHBI TaM >Ke: JKypHan B3auMojaercTBuii (data/train_test.csv), MeTagaHHBIE COOBITHIA
(data/events_description.csv) u cyTouHbie oroansie fanHble (data/weather daily.csv).

PesyabTarhl u 06cy:xaenne. CBOIHBIC XapaKTEPUCTHKU HCIOIB30BAHHOTO HAOOpa JaHHBIX
npuBeneHsl B Tabnuie 1. OOpamaer Ha ce0s BHUMaHUE coueTaHHe (HAKTOPOB, KaXKIbIH U3
KOTOPBIX B OTJEIBHOCTH CUHUTACTCS CEPhE3HBIM OCIOKHEHHEM JUIsI PEKOMEH/IATENbHBIX CHCTEM,
a B COBOKYINHOCTH OHH (DOPMHUPYIOT PEXKHM SKCTPEMAIBHOTO XOJOAHOTO CTapTa: EIMHUYHAsS
MeMaHa B3aUMOAECHCTBUN HCKIIIOYAET MOCTPOEHHUE COAEPIKATEIBHOTO MpoQuiis uisi OONBIIMHCTBA
MOJIb30BaTENe, a TMpeodnagaHue TpPEeMbEep Cpenu TIOKYIOK O3HAyaeT, YTO KJIACCHYECKHU
KOJITA0OPaTHBHBIM CUTHAI HEOCTYIICH ISl 3HAYUTEIBHON YacTH 1IEJIEBBIX 00BEKTOB.

Tabnuua 1. OcHOBHBIE XapaKTEpUCTUKU Habopa JaHHBIX OmiieTHOM u1aTtdopmsbl (MapT 2023 1.
- peBpanb 2024 1.)

IToka3arenan 3navenne

Yucno B3auMoaeiHCTBUI 12715

Yuciro moip3oBaTeici 10 657

Yuciio coObITUI ¢ B3aUMOIEHCTBUAMU 2074

Yucno coObITHIT C METaJaHHBIMHU 4597

T'opona Anwmarsl, Acrana, lllsivkent, [TaBnogap
Menuana B3aUMOIEHCTBUM Ha MOJIB30BATEIIS 1

Jlo71s1 XOJIOHBIX MONIb30BaTeNel B KOHTPOJILHOM MECSIIIe 83 %

Jlosst HOKYHOK Ha COOBITHSI-TIPEMbEPBI ~ 50%

Jlomst HOBTOPHBIX Tap «IOJI30BATETb-COOBITHE» 0,1 %

Pesynbrarel cpaBHeHust Monieneit no merpuke MAP@10, ycpenHéHHbIE IO HIECTH MECSIUHBIM
¢dongam, mpeacTaBieHbl B Tabnuie 2 U Ha pucyHke 1. BepxHeil rpaHuneil 1oCTHKUMOTo KauecTBa
CIIy’)KUT OPaKyJbHas MOJENb, PAHXKHUPYIOLIAasl TOJbKO (DAKTUUECKHM KYIUIEHHBIE COOBITHS M3 IIyla
kanauaaroB: MAP@10 = 0,4653. Pa3peiB MexXay OpaKylIoM W JIYYIIeH MPaKTHYECKOW MOJEIbIO
IIOKA3bIBAET, YTO JOMUHUPYIOUIMM OIPAaHUYEHUEM SBIIAECTCS HE QJITOPUTM DPAHKUPOBAHUS, a
IIPUHLIAIINAAIbHAS HENIPEICKAa3yeMOCTh €IMHUYHBIX ITOKYTIOK IIPU CTOJIb Pa3peKEHHON HCTOPUH.

Tabnuua 2. KauectBo mozaeneit pekomennanuii mo merpuke MAP@10 (cpeanee mo mectu
¢donnam; B ckoOkax - 95% OyTcTpen-uHTepBaIbl)

Moneanb MAP@10 95 % AN

Oracle (TIOTONOK MyJia KaHIWUAATOB) 0,4653 [0,453; 0,478]
Hybrid + Context (kanenaaps, 6e3 RRF) 0,0405 [0,037; 0,044]
GlobalPop (rmobanbHast MOMYISIPHOCTS ) 0,0420 [0,039; 0,045]
Hybrid LGBM (4ucThIif paHXHUPOBILHUK) 0,0424 [0,039; 0,046]
Hybrid + Weather (morona, 6e3 RRF) 0,0428 [0,039; 0,047]
ALS (marpuunas axropuzarms) 0,0465 [0,043; 0,050]
ItemKNN (xoyutaboparuBHas GpuibTpanms) 0,0479 [0,044; 0,052]
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Mopean MAP@10 95 % AN
Hybrid + Context + Schedule (aduria, 6e3 RRF) 0,0489 [0,045; 0,053]
CityPop (roponckast HOnmyasipHOCTb) 0,0492 [0,046; 0,053]
Content TF-IDF (koHTEHTHast MOJICITh) 0,0496 [0,046; 0,053]
Hybrid RRF 0,0544 [0,050; 0,059]
Hybrid + Context RRF (xanennaps) 0,0558 [0,052; 0,060]
Hybrid + Weather RRF (moroma) 0,0572 [0,053; 0,062]
Hybrid + Context + Schedule RRF (aduma) 0,0578 [0,054; 0,062]
Hybrid + Context (6e3 RRF) |0,0405
GlobalPop |0,0420
Hybrid LGBM (umcrsii) |0,0424
Hybrid + Weather (6e3 RRF) J0,0428
ALS |0,0465
ItemKNN |0,0479
Hybrid + Context + Schedule (6e3 RRF) |0,0489
CityPop 10,0492
Content TF-IDF |0,0496
Hybrid RRF |0,0544
Hybrid + Context RRF |0,0558
Hybrid + Weather RRF 10,0572
Hybrid + Context + Schedule RRF _‘10578
0.00 0.01 0.02 0.03 0.04 0.05 0.06
MAP@10

Pucynok 1. CpaBHeHue kauecTBa Mozenel pekomenaanuii no merpuke MAP@10 (cpennee mo
HIECTH MECSYHBIM (HOJIIaM; OpPaKyJIbHAS MOJIE)Ib HE TIOKa3aHa)

AHanu3 TaOmuIBl 2 MO3BOJSET BBIIECIUTh HECKOJIBKO 3aKOHOMEpHOcTell. Bo-nepBbix,
nepcoHanu3upoBaHHble  KoitabopatuBHbele  Mozaenu  (ItemKNN, ALS) He mnpeBocxoadr
MPOCTYI0 TOPOJACKYH) TOMYISPHOCTh: MPU E€AUHUYHON MeAUaHe B3aUMOJACHCTBHIM Marpuiia
«TI0JIb30BATENIb-COOBITHE» HE COAEPIKUT JTOCTATOYHOTO CHUTHasa JUIsi 000OIIEHHs, YTO COIIacyercs
C BBIBOJAAMH O CHJI€ HACTPOEHHBIX 0a30BBIX alTOPUTMOB Ha pa3pekeHHbIX NaHHbIX (Dacrema u
ap., 2019:101-109). Bo-Bropbix, KOHTEHTHasi Mojaenb Ha ABys3bluHBIX TF-IDF mpencraBieHusx
(MAP@10 = 0,0496) oka3biBaeTcsi CUJIbHEE OOOUX KOJIAOOPATHBHBIX METOJOB - B YCIOBHSX
nepuIUTa UCTOPUU TEKCT ONMUCAHUS COOBITHS HecET Oousblie MH(OpMAIMU, YeM CIEIbl PEeIKUX
COBMECTHBIX IOKYNOK. B-TpeTbuX, 4YHMCTBI TI'paAMEHTHBIM PpaHXMPOBIUMK YCTymnaeT O0a3oBoi
ropoackoit nomyasipHoct (0,0424 nporus 0,0492): mpu ManoM YuCiI€ MO3UTHUBHBIX MPUMEPOB
MIOMECSIYHasl HeCTaOMIIBHOCTh 00y4aeMOi MOJIENIN MEPEBEIINBAET €€ BBIPA3UTENIbHYIO CIIOCOOHOCTbD.
CmemnBaHe BBIIAYM PAHKUPOBIINHMKA C MOIMYJIAPHOCTHBIM mnpuopoM MeronoMm RRF ycrpanser
3ToT JedeKT W BbIBOAMT TruOpux Ha ypoBeHb 0,0544, 4TO CTaTHCTHYECKHM 3HAYMMO BBIIIE
CityPop (p = 0,001). Iloka3arenpHO, YTO Ta >K€ 3aKOHOMEPHOCTh BOCTIPOU3BOAUTCS H IS
KOHTEKCTHBIX pacmupeHuii: 6e3 RRF xonduryparmuu ¢ morogasiMu (0,0428) u KalleHIapHBIMH
(0,0405) npu3HakamMu He MPEBOCXOAT 0a30BbIE AITOPUTMBI, a TIONIHAs Mojenb ¢ aduineit 6e3 RRF
craructuuecku Heommuuma ot CityPop (p = 0,896) - crabunuzanus MOMyISIPHOCTHBIM MIPHOPOM
SBJIIETCS HEOOXOIMMBIM YCJIOBMEM pealu3alliy IOTEeHlHaga o0yyaeMOro paH)XMpOBILMKA Ha
MAHHBIX TAKOTO 00BEMA.

Pe3ynprarel NMpoBEepKH CTATUCTHUUECKOM 3HAUMMOCTH KJIIOUEBBIX CpPaBHEHHWI NpPUBEICHBI B
Tabsmie 3.
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Tabnuna 3. [lapubie cpaBHeHUst mozened (mapueiii Oyrcrpen, 5 000 perummkaros, 6 309
HabmoneHui «(ona-nonbp30BaTeNb)

CpaBHeHue AMAP@10 p-3Ha4YeHHe BriBog

3HAaYUMO: PaHXUPOBIIUK IIOJIE3ECH

Hybrid RRF vs CityPop +0,0052 0,001
TOJIBKO B CMECHU C IIPHUOPOM

3HAaYMMO XYXKE: HECTaOMIBLHOCTh TI0

Hybrid LGBM (uucrtsrit) vs CityPop —-0,0069 0,002
Mecsnam
+ Adwma vs + Karerzaps +0,0084 <0,0001 3HAYMMO: HAUOOJIBIIN# eIMHUYHBIA
[PUPOCT
<4 0, 7
Jlyamas monens vs CityPop +0,0086 <0,0001 3HaIMMO: +17 % Kk crabHEHIIeMy
6a30BOMY aJITOPUTMY
+ Ioroma vs Hybrid RRF +0,0028 0,053 Ha TpaHHLEe 3HAYUMOCTH
+ Kanennaps vs + [Toroga —0,0022 0,088 3HAYUMBIX pa3IHyuil HeT
+ Admma (6e3 RRF) vs CityPop ~0,0003 0,896 0e3 RRF Boimrper agwumt ne

peain3yeTCs

LleHTpasbHBIA PE3yNbTaT HMCCIENOBAHUS - KOJIWYECTBEHHAs] OLEHKA IICHHOCTH a(uIIH.
Jlo6aBneHue Bcero TpéxX MpU3HAKOB, KOAMPYIOIIMX 3HAHHUE KaTasiora MPEICTOSIIEro Mecsia, BMecTe
C pacIIMpeHMEM IIyjla KaHAUAATOB OOBSIBIEHHBIMH HpeMbepamu Haér npupoct AMAP@10 =
+0,0084 (p < 0,0001) - Gonpiie, yem mrobast apyras MonudUKaIMs MOACIH, BKIIOUAs MEPEXoa OT
MPOCTOM MOMYNSPHOCTU K MOJTHOMY TMOpHuaHOMYy KoHBeiepy. Mrtorosas xondurypamus Hybrid +
Context + Schedule RRF mocturaer MAP@10 = 0,0578 [0,054; 0,062], mpeBOoCX0as CHUITbHEHIIIHIA
HETepCOHANM3UPOBAaHHbIN 0a30Bblii anmroput™ Ha 17% (p < 0,0001). ConepxkarenbHO 3TO
00BsICHSIETCS CTPYKTYPOH CIIpOca: MOCKOIBKY OKOJIO MOJIOBHHBI MOKYTIOK MPUXOAUTCS HA TPEMbEPHI,
HU OJlHA MOJIeNb, ONEPHPYIOLIasi TOIbKO MCTOPUYECKHMMHU JaHHBIMHU, B NPHUHLMUIE HE CIIOCOOHA
PEKOMEHIOBaTh 3HAYUTEIbHYIO 4YacTh (PaKTHUECKH BOCTPEOOBAHHBIX COOBITHH; MH(popManus 00
aduIe yCTpaHsIeT 3TO CTPYKTYPHOE OrpaHUYCHHUE.

[Toroguslit KoHTEKCT AeMoHCTpupyeT npupocT +0,0028 ¢ p-znauenuem 0,053, popmanpHO
HE JIOCTUTaloIUM KOHBeHIMOHanpHOro mopora 0,05: addext creayeT kBanuUIUPOBATH Kak
WH/INKaTHBHBIA U TpeOyIoNHid pOBEpKH Ha OoiblieM 00bEME HaHHBIX. KaneHaapHble MpU3HAKH B
oTpbiBe oT aduiu 3HaurmMoro 3¢ dexra He natot (p = 0,088), yTo MHTEpPHPETUPYETCS CIASAYIOIIUM
o0OpasoM: Mpa3HUYHBIA KaJICHIaph BIMSAET Ha oOmui 00BEM cripoca, HO ciabo auddepeHIupyeT
COOBITHSI MEXIy cOOOW BHYTpHM Mecsla. AHaaM3 BaXXHOCTEH MPU3HAKOB PAHXKHPOBIIMKA (IO
CYMMapHOMY MpPHUPOCTY KadyecTBa pAaCIIEIUICHUI) MOKa3bIBACT, YTO HAMOOJIBIINI BKJIAJ BHOCAT
MPU3HAKKA KU3HEHHOTO IUKJIAa COOBITHS (BO3pacT B KaTallore, MaBHOCTh NOCJTETHEH IMOKYIKH),
rOpOJICKas MOIYJIIPHOCTH U BO3PACT MOJIb30BaTes, a KoHTeHTHas Onm3octh TF-IDF cucremarnueckun
MIPEBOCXO/IUT MO Ba)XKHOCTH KJIACCHMUYECKUH KOJIJIaOOpaTUBHBIA CHUTHAJI - B IOJIHOM COIVIACHU C
pe3ysbTaTaMy MPSIMOTO CPABHEHUS OMMHOYHBIX MOJIEIICH.

[IpakTHueckoe 3HauE€HUE MOMYUYEHHBIX PE3YJIbTATOB COCTOUT B CMELIEHHUH IPUOPUTETOB
pa3paboTKu: Ui COOBITUIHBIX TUIaThOPM, paOOTAIONINX B YCIOBUSIX, aHAJIOTUYHBIX UCCIIEIOBAaHHBIM,
UHTETpalys MaIIUHOYMTAeMON aduIIMd MPeICTOSANIero MephuoAa B PEKOMEHIATeIbHBIH KOHTYP
(BKIIOYAs TEHepaluio KaHAWIATOB M3 OOBSBICHHBIX, HO €Il HE MPOAABAEMBIX COOBITHI)
naét OoNbIIMI W CcTAaTUCTHUYECKH Oojee HAASKHBIA 3((deKT, 4YeM YCIOKHEHHE alropuTMa
PAHKUPOBAHUSA, U JIOJDKHA BBIOJIHATHCS B TMEPBYIO ouepedb. JOMONHUTETBHBIM MPAKTUYECKIM
BBIBOJIOM SIBJISIETCSI HEOOXOAMMOCTh CTa0MIIN3AIIN 00y4aeMbIX PAHKHPOBIIUKOB MOITYISIPHOCTHBIM
npuopoM (Hampumep, merogoM RRF) npu maneix o6b€Max 0Oydaromux JaHHbBIX.

3akiouenne. B pabore BHepBbIe HAa OTKPHITHIX OOE3JIMUEHHBIX JAaHHBIX HAIMOHAIBHOU
ouneTHol matdopmbl Kazaxcrana BRIMOJIHEHO CUCTEMAaTHYeCKOe CpaBHEeHUE 13 peKoMeHIaTeIbHbIX
AJITOPUTMOB B YCJIOBHUSAX 3KCTPEMAIBHOTO XOJIOAHOTO CTapTa: MPU MeIUaHe B OJJHO B3aMMOJIEHCTBHE
Ha NoJIb30Bares, 83% X0JIOIHBIX MoNb30BaTeneil 1 0koso 50% MOKyMNoK, MPUXOASIIUXCS Ha COOBITHS
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06e3 ucropun npoaax. EQuHBIA MPOTOKOJ CTPOTrol BPEMEHHOM BajlWJAlMK HAa IIECTH MECSUHBIX
(dbonmax B couetaHuu ¢ mapHeiM Oytcrpenom no 6 309 HaGmoneHusIM 00€CTIeUnsT CTaTUCTUYECKYIO
KOPPEKTHOCTh BHIBOJIOB.

ImaBHBI BBIBOJ HcclenoBaHUS (DOPMyIUpYeTCsl KakK MPUHIMI «IIEHHOCTH aduimm»:
3HaHHWE Karajora COOBITUH MPEACTOALIET0 Mecslla O0ecCreynBaeT HAWOONBIINN CTATUCTHUECKH
3HAYUMBIN IPUPOCT KadecTBa pekomeHaanuii (AMAP@10 = +0,0084; p < 0,0001), npeBbIaroniuii
ekt ToOBIX YCIOKHEHHH coOcTBeHHO Moxenu. Jlyumias koHUrypauus - THOPHIHBIHA
rpaaueHTHbIN pamkupoBiuk LightGBM ¢ morogusiMu, KajaeHIapHbIMU U a()UIITHBIMUA PU3HAKAMH,
CTaOMIM3UPOBAaHHBIM 00paTHON paHroBod (¢y3uel ¢ TOpPOJACKON MOMYJISPHOCTBIO, - JOCTUTAET
MAP@10 = 0,0578, uro Ha 17% BbIle CUiIbHEHIIET0 6a30BOTO aNTOPUTMa. YCTAaHOBJIECHO TaKXKe,
YTO B YCIOBUAX JKCTPEMAIBHON Pa3peKEHHOCTH KOHTEHTHBIC CHUTHAJBI JBYS3BIYHBIX OIMHCAHUI
MIPEBOCXOMIAT KJIACCHYECKYIO0 KOJIJTaOOpaTUBHYIO (MIBTPALNIO, YUCTHIH 00yyaeMblii paHKUPOBIIUK
0e3 MonmyJISIPHOCTHOTO MPUOpa HEYCTONYMB, a KaJleHJapHbIe MPHU3HAKU caMH Mo cede 3HAYUuMOro
s¢ddekra He [aroT; BIUSHUE TIOTOJHOTO KOHTEKCTAa HAXOAWUTCS Ha TPaHUIE CTATUCTHUECKOU
3HAYMMOCTH U TpeOyeT AanbHelIIel mpoBEepKH.

OrpanndeHus MU pabOThI SBJSIFOTCS OXBaT OJHOTO TOIOBOTO IMKJIA M YETHIPEX TOPOJIOB,
OIICHKA MCKIIIOYUTENHHO B OduaifH-pexnme 0e3 OHIAH-IKCIIEPUMEHTOB, a TaKXKe MCIOIh30BAHUE
(ukcupoBaHHOTO HAOOPa TAOMUYHBIX MPHU3HAKOB. [IepCEKTUBHBIME HATIPABICHUSIME JATBHEUIITIX
WCCIIEJOBAHUN NPEICTABISAIOTCSA: IPUMEHEHHE TOCIEI0BAaTEIbHOCTHBIX U HEHPOCETEBBIX MOJEIeH
(Quadrana u np., 2018:66) U MHOTOS3BIYHBIX BEKTOPHBIX MPEACTABICHUA ONUCAHUA COOBITHIA,
pacIIMpeHre MOTOHOTO U COIIMOKYJIBTYPHOTO KOHTEKCTA; MPOBeAcHUE OHaiiH-A/B-3kciepruMeHToB
JUIS. TIPOBEPKH MEPEHOCUMOCTH 0(IaliH-BBIBOIOB; a TaK)K€ BOCTIPOU3BEICHNE METOANKHU Ha JaHHBIX
JPYTUX PErHOHANBHBIX MIaT(OPM ISl OLIEHKH 0000111aeMOCTH MPUHIIUIIA «IIEHHOCTH a(pUIITN.
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Anparna. binim 6epy nepexrepin uaremexryanasl tTannay (Educational Data Mining, EDM)
OKYIIBUIAPBIH YJITEePIMiH O0JDKAYy apKBUIBI OKYJaFbl KUBIHIBIKTAPABl €PTE aHBIKTayFa MYMKIHJIK
Oepeni. JlerenmeH, MamuHanblK OKBITY YJruiepi keOiHece "Kapa >KomIk" NpUHIMII OOMbIHINIA
xymbIc ictedai. Tycinapipinerin xacannael unTesiekT (Explainable Artificial Intelligence, XAI)
HeJKTeH "Kapa >komrik" Mojenbaepi 6enrini 6ip OomkaMaapabl OepeTiHiH TyciHyre koMekTecei. by
Makajaza MHPOpPMATHKa KOHE >KapaThUIBICTaHy FHUIBIMIApPhl OOWBIHINIA OKYIIBUIAPABIH YJITepiMiH
0oJpKay YIINIH TYCIHIIpMENi KacaHAbl MHTEIUICKTTI KOJJAaHY CalachlHIAFbl COHFBI O€C JKBUIIAFbI
3epTTeyiaepre kyieni mony OepinreH. bi3 eH ki KOJMJAaHBUIATBIH CHUMATTaMajap OKYIIbLIAPIbIH
MiHE3-KYJIKbI MEH YJrepiMi Typaibl JAEpeKTep EKEHIH OHe OOJDKayAblH HEri3ri MakcaTTaphbl
MoH OOWBIHINA YITepMey KayliMeH HeMece OaranaynapMeH OailJIaHBICTBI CKCHIH AaHBIKTaIbIK.
3eprrey coHbIMEH Karap XAl kommaHOanmapblH KapacThIpAbI, HOTIDKECIHIAE €H KON TapajFaH
KosanOanap OenriiepAiH MaHbI3IbUIBIFBIH XKahaHbIK Tanay, )Keke OomKaMaapabl TYCIHIIPY KoHE
apajiacyjiap MEH IemiM KaOsuiaayasl Konaay Oombin Tadbuiaapl. ConpiMeH Katap, 613 [lemmmmin
ammutuBTi TyciHnipmenepi (SHAP) keke aeHrelae mekTeynm KOJJaHyMeH, Heri3iHeH jkahaHIbIK
neHreie eH kem KonnaHbliaTblH XAl omici exeHiH aHBIKTanblK. COHBIMEH KaTap, KypcTapIibl
KaKcapTy, BU3yalIH3allHsl mapaMeTprepl )KoHe KeKeeHAIPITeH YChIHBICTAP bl KAJIBINTACTHIPY YIIH
TYCIHIIIpUIETIH >KacaHAbl MHTEJUIEKTTI KOJ/JIaHyFa KaThICTBI 3epTTEYAEpIeTi OJIKbUIBIK aHBIKTAJIBI.
ByJ1 ONKBUTBIKTEI KOO MyFalliMIEpre *KeKe OKYIIbUIapFa )KaKChl KOJIIay KOPCETY YIIiH JAepeKTepre
HET13/IeTITeH )KeKe YChIHBICTAp Oepyre MyMKIHIIK Oepe/ti.
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AHHoTauus. VHTEennekTyanpHbI aHanmu3 oOpaszoBarenbHbIX MaHHBIX (Educational Data
Mining, EDM) mno3BosiieT BBISIBISATH TPYAHOCTH B OOy4YEHMHM HA pPAaHHUX JTarax, MPOTHO3UPYS
ycrneBaeMocTh ydamuxcs. OJHaKo MOJEIN MAaIIMHHOTO OOy4YeHHsI 4acTo padoTaloT MO MPUHIUILY
«4aepHoro smukay. OO0bsIcHUMBIA HMcKyccTBeHHbIH MHTEIUIEKT (Explainable Artificial Intelligence,
XAI) momoraer MOHATH, MOYEMY MOJETH «UE€PHOTO SIIHMKa» BBIJAIOT T€ WJIM MHBbIE MPOTHO3BL. B
9TON cTaThe MPEICTABICH CHUCTEMATUYECKUH 0030p HCCIENOBAaHUMN, MPOBEICHHBIX 3a IMOCIEIHHE
ISTh JIET B 00J1aCTH PUMEHEHHS 00BSICHUMOTO UCKYCCTBEHHOTO MHTEJIEKTA JUIsl IPOrHO3UPOBAHHUS
YCIIEBAEMOCTH yUaIIuXcs B c(hepe KOMIBbIOTEPHBIX HayK U €CTECTBEHHO-HAYYHOTO 00pa3oBaHus. Mbl
BBISICHWIIN, YTO HAUOOJIEE 4aCTO MCII0JIb3YEMBIMU XapaKTEPUCTUKAMU SIBJISIIOTCS JJAHHBIE O TIOBEACHUN
1 YCIIEBAEMOCTH YYaIlMXCs, & OCHOBHBIE LIEJIM IPOTHO3UPOBAHMS CBA3aHBI C PUCKOM HEYCIIEBAEMOCTH
[0 MpeIMeTy WM C OleHKaMu. B nccienoBaHMM Takke paccMaTpUBAJINCh OOJIACTH NMPUMEHEHUS
XAl, B pesynbrare 4ero BbIICHUIOCH, YTO Hanbojee paclpoCTpaHEHHBIMU 001aCTIMU IPUMEHEHUS
SBJISIIOTCSL TIIOOAJIbHBIN aHaJIN3 BaXKHOCTU MPU3HAKOB, OObSACHEHUE MHIWBUIYaJbHBIX MPOTHO30B U
NoJ/Iep>KKa BMEIIATETIbCTB M MPUHATHS pelieHuid. bonee Toro, Mbl 0OOHAPYKWIH, YTO aJTUTHBHBIC
oobsicuenus lllernu (SHAP) 6puin Hanbosee yacto ucnonb3yemon Metoaukoi XAl, npumensemon
[IPEUMYIIECTBEHHO Ha INT00AIbHOM YPOBHE, C OlpaHHYEHHBIM UCIIOJIb30BAaHUEM HA WHAWBUIYaIbHOM
ypoBHe. Kpome Toro, ObL1 BBISBIEH NMpOOEN B HMCCIEJOBAHHSIX, CBA3aHHBIX C HCIOJIb30BAaHHEM
O0OBSICHUIMOIO HCKYCCTBEHHOIO WMHTEJUIEKTa JUIsl YIy4YIIEHUs KypCOB, HACTPOMKH BH3yalln3alui
u (GopMHUpOBaHUS NEPCOHATU3UPOBAHHBIX PEKOMEHJALMN. YCcTpaHEHHE 3TOro mnpolena MO3BOJIUT
MIPETo/IaBaTelIsIM MPEIOCTABISTh IEPCOHATN3NPOBAHHBIE PEKOMEHIAIINN HA OCHOBE JTAHHBIX, YTOOBI
Jy4lle NOAAEePKUBATh OTACIBHBIX YUAIINXCS.

KiroueBble ciioBa: OOBSICHUMBIA HMCKYyCCTBEHHBIH HHTE/UIeKT, XAl, MHTemnexTyanpHbIH aHamu3 00pa30BaTeIbHBIX
nmaaHbelX, EDM, mporHosmpoBaHHe MpOHM3BOAMTENbHOCTH, OOpa3oBaHuMe B 00MacTH KOMIBIOTEPHBIX Hayk, STEM-oGpasoBanmue,

CucreMarndeckuii 0030p JIMTEpaTyphl.
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Annotation. Educational Data Mining (EDM) enables the early identification of learning
difficulties through the prediction of students' academic performance. However, machine learning
models often operate as "black boxes," making their decision-making processes difficult to interpret.
Explainable Artificial Intelligence (XAI) addresses this challenge by providing insights into why these
models generate specific predictions. This article presents a systematic literature review of research
published over the past five years concerning the application of Explainable Artificial Intelligence
(XA to predict student performance in computer science and STEM education. The findings indicate
that the most frequently used features were students' behavioral data and academic records, while
the primary prediction tasks focused on grade prediction and identifying students at risk of academic
failure. The study also analyzed the application domains of XAl, identifying global feature importance
analysis, the explanation of individual predictions, and support for pedagogical interventions as the
most prevalent areas. Furthermore, SHapley Additive exPlanations (SHAP) emerged as the most
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widely used XAI method, applied predominantly for global model interpretation, with limited use
for explaining individual predictions. Finally, a significant research gap was identified regarding the
use of Explainable Artificial Intelligence (XAI) for course optimization, customized visualizations,
and the generation of personalized recommendations. Addressing these gaps could enable educators
to provide data-driven, personalized support to improve individual student outcomes.

Keywords: Explainable Artificial Intelligence, XAl, Educational Data Mining, EDM, Performance Prediction, Computer

Science Education, STEM Education, Systematic Literature Review.

Kipicme. 21 raceipna uHpopmatnka MeH STEM-re KaTbICThl JaFapuiap MaHbI3ABI OoJia
Oactanpl. Anaiiga, Oyn moHaep keOiHece OKyLIbLIapfa KHUBIHIBIK TYFbI3aJbl, OWUTKEHI oJap
MaTeMaTUKAIbIK aMajap MeH aOCTPaKTII YFBIMIAP/IbIH KUBIHTHIFBIH, OaFapiamMaliay CHHTaKCUCIH
KOHE TINTI TUIMI TYCIHYII KakeT eremdi, Oyl >kaHagaH OacTaymibuiapra KUBIHABIK TYIBIPAJIbI
(Kennexep, Ilaym, 2005: 83—137, Yoii sxane 1.0., 2024: 1-8).

binim 6epy nepexrepin ennipy (EDM) - mammHamibIK OKBITYIbI, TEPEH OKBITYIbl HEMECE
CTaTUCTHKAJIBIK 9JICTEP/Il Maki1ajaHa OTBIPHII, O11iM Oepy AepEeKTEePiH TAIIAUTHIH ASPEKTEPAl OHIIPY
Oemimi. EDM kommanyablH Oipi-oKyIibLIapabiH yiarepimin 6omkay (Yoi skone T.0., 2023). byn
OKYIIBIIAPJBIH TAOBICKA JKETY KOJIbIHIAa KOMEKTECETIH MEeJarorHKalbIK apaiacyiapra MYMKIHIIK
6epy apkbLibl (Pomepo xone T.6., 2008: 368—-384) oky npoliieManapbiH €pTe aHBIKTayFa bIKIANI eTe/li
(Beiikep, Maced, 2009: 3—17). JlerenMeH, MaIIMHANBIK OHE TEPEH OKBITYIBIH JOCTYpIi yirinepi
omerte "Kapa xomikrep" OoNbIN TaObUIaAbl, OYJ1 OJapAbIH HENIKTEH HAaKTHl Oonkamuap OepeTiHiH
TYCIHY/1 KUBIHJIaTalbl.

Tycinaipinierin  xacanabl uHTeNeKT (XAI) omictepi MyFamimiepre OKYIIbUIAPIbIH
JKETICTITIHE HEMEeCce COTCI3AIriHE BIKMad eTeTiH (akTopiapabl TYCIHYTe KOMEKTECY apKbUIbI
OKYIIBUTIAPBIH YATEepiMiH Oospkay yariiepin tycinmipeni (Yot xone T.60., 20240) (Yol xoHe T.0.,
2024a: 1-8). XAl omicTepi kacaHIbl HHTEJUICKT MOJACIIBICPIHIH IICTTIM/IESPiH HEFYPIBIM TYCIHIIpyTE
MYMKIHJIIK Oepei, MOAEIbAEP/IiH allbIKThIFBIH apTThIPAIbl XKOHE IICNIIM KaObuImay MpOIEeCTepiH
xakcaprtasl (I'mnun sxone T.6., 2018: 80-89) (Anmaau, beppana, 2018: 52138-52160).

byn sxyiieni opeOuerrepre mony cTyaeHTTepAiH HH(opmaruka koHe STEM Oinmim Oepy
caJIaChIHAAFBI YATEpiMi Typanbl OomkaMaapabl TYCIHIIpyAiH 3amanayn XAl omicTepin KapacThIP/IbL.
bimim OGepynmiH OcChl canajmapblHa €peKIle Has3ap aylapybIMBI3IABIH ce0edi onapAblH Oojamax
TEXHOJIOTUSJIBIK JaMyFa alTapibIKTail ocepi Oap Oonbin TaObutajbl. 3epTTey OapbIChIHAA Keseci
CypakTap KOWBUIFaH OOJIaThIH.

Ocpl 3epTTEyTre HETI3AENTeH CypaKTap:

1. XAl 3eprreynepinae OKyIIbUIAPABIH YATEPIMIH TYCIHAIPY VIIIH KaHIal MoliMeTTep
KUBIHTBIFBI, OCTTLIEp TYpIiepi, Oomkay MakcarTapbl MEH alTOpPUTMIEP KOJIIaHbLIAbI?

2. Oyxn 3eprreynepae kanaad XAl oxmictepi, nHTepHpeTanus IeHreinepi, oeiineney aaicrepi
KOHE MPAKTUKAIBIK ICKE achIpy KOJIIAHBUIII?

onyna onmeOueTTeri BIKTUMAN OJIKBUIBIKTApAbl AHBIKTAy JKOHE OHIMAUIIKTI Oopkay
MOJICITBICPIHIH WHTEPIPETANMICH MEH MaiIalbUIBIFBIH JKaKCApTy OAFBITTAPBIH YCHIHY YIIiH OCHI
Macelenep KapacThIPbIIIbL.

3eprTey MaTepuaapbl MeH daicrepi. Kapacteipsinran oneduerTepie 3epTTeyuiaep 91eTTe
XAl-ge "untepnperarus” koHe "TYCIHIKTLIIK" TepMHUHAEpiH Oip-OipiHIH OpHBIHA KOJAaHAIBI, OV
aJlaMHBIH >KaCaHJIbl MHTEJUIEKT MOJICIIIHIH HEJIIKTeH HaKThl OOJDKaM jKacaFaHbIH TYCIHY JOPEKECiH
oinmipeni (I'mnmun xone T1.6., 2018: 80-89) (Marpanu sxone T.0., 2021: 100060). Amnaiina,
OipHele 3epTTeylepae WHTepHpeTalys MEeH TYCIHIKTUIIK KeKe YFBIMAAp PETiHAE KapacThIPbUIIbI
(MapruakeBuuc, ®@ort, 2020), oHIa UHTEPIPETAIVSI MOACTBIE TOH MOJIIIPIIKTI OLIIipei.

XAl canacelHIAFbl aNFAIKBl [IOMYJIAP WHTEPIPETAIMSHBIH HETI3T1 TYXKbIPhIMIaMallapbiH
aHbIKTayFra >xkoHe XAl omictepin xikreyre OarpiTTanran. Amaaun meH beppana (Amaau, beppana,
2018: 52138-52160)». 2018 xbuter 2004 xbutnan 2018 xputra neiid xapusuianrad 381 MakaiaHbl
KAMTHTBIH o/ieOMeTKe altapibikTail momny xacansl. Omap XAl omictepiH MammHAIbIK OKBITY
aJITOPUTMJICpiHE, MHTEPIIPETAIUsS JICHTeiHe (PKePTUIIKTI HEMece FalaMJIbIK) KoHE WHTEPIpPeTaIus
yaKbIThIHA (KipiCTIpUITeH HEMecCe MOCT-apHaibl ) KOJAaHBLTYbIHA Kapa xikTei. [mki nHTepnperamnus
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OJIapJIbIH apKaChIHA *aHaMa TYCIHIIPUIETIH MOJEIbAEPIe KaTalbl ChI3bIKTHIK PErpecCUsi CUSKTHI
CaJIBICTBIPMAJIBl TYpAE KapamailbiM KypbUlbIM. DakTifieH KeHIHI1 WHTeprpeTanus Kyphaem "Kapa
KOILIK " MoJIeNbepiHie KaObUIJaHFaH meImiMAep/i TYCIHAIPY YILIH KOChIMINA 9ICTepAl KOJIJaHy Ibl
KaMTHUbI.

I'mportu xoHe T1.6. (I'Bumortm x)oHe T1.60., 2018: 1-42) 2019 xbutel XAl omictepin
"Kapa Komnk" MOAENbIAEPIH TYCIHIIPY, MOICNIBACPAL TEKCEpy, OJIAPABIH HOTHOKEIEPiH TYCIHIIPY
XKOHE MOJJIIp MOAENbAEPAl KYpy YIIH KOJAAHBUIATBIH oicTepre Oeily YILUIH IOy JKacasbl.
Ounap MHTEpIIpeTausIHbl OaraiayJblH PECMU KOPCETKIIITEPiHIH JKOKTHIFBIH XoHE Oenrici3 Hemece
KACBIPBIH epeKIIeNiKTepre HeTi3eNTeH MOIeIbAePAl TYCIHAIPYIiH KABIHABIFBIH aTall OTTi.

Appuera xoHe T.0. (Appuera xoHe T.0., 2020: 82—115) 2020 xpuibl MeIp kaHE post-hoc
ozicTepl apachIHIaFbl allbIPMAILIBIIBIKKA KOHE TEPEH OKbITY/bI TYCIHAIPY SJICTepl YIIIH HAKThI [1Ki
CaHaTTap/bl aHBIKTAYFa OaFbITTAIIFAH MIONY/IbI YCBHIH/IBI.

2023 xputel Yaymu >xkoHe OHBIH aBropiapbl (Yaymm sxkone T.6., 2023: 48-71) XAl-re
OutiM Oepyze mIony jkacarm, CeHIMJAUTIKTI apTThIPy YIIIH allbIKTBIK KaXKETTUIIriH aram oTTi. Omjap
YKacaH/Ibl UHTEIUIEKTTIH KYpAei MOJeNbIepiMEeH KOHE UHTEpIpETAIsIFa KOWbUIAThIH TaJanTapMeH
OaiiIaHbBICTBI MOCeJIeNep il aHBIKTa b JkaHe O1iM Oepyzneri XAl-re KarbIcThl OoJamak 3eprreyiepre
apHaJFaH OarbITTap/Ibl YCHIHIBL.

Amnaiina, KommaneicTarsl momynapaa XAl Typambl KyHABI akmapar OOJFaHBIMEH, OJap
HeriziHeH XAl-gi Oiunim OepyliH HakThl cajajlapblHIa KOJJaHyFa €MecC, TEXHOJIOTHSUIBIK JKaFbIHa
KaTBICTHI OOJIIBI.

bi3nin onebuerrepre xyieni mony uHpopmarrka xkoHe STEM 6imim 6epy yurin EDM-ne XAl
oIiCTEepiH KOoJIaHy OoMbIHIIIAa COHFBI Oec skbuaarsl (2020-2024) COHFBI 3epTTEYIepi TAIIAY apKbLIBI
OVJ1 ONKBUIBIKTHI KOKOFa MYMKIHIIK Oepzi. bi3 akmapar Oepyre, 3epTTeynepAeri OJKbUIBIKTapIbI
aHBIKTAyFa jKoHEe Ooalakka OarbITTap YChIHYFa THIPHICTHIK.

by onebuerke xyiteni mony Kuruenxsm TykeipsiMaaMacsiHa coiikec (Kuruenxem, Yaprepc,
2007) nHXKXeHepIiKk HeMece KapaThbUIbICTaHy FhUIBIMIAPI OAaFbITHl OOWBIHIIA OiiM Oepy caachiHAa
YKYHeI moysap *Kyprizuiil.

130ey cmpamezuscwl. b1z nunpopmaruka xoHe HHKeHepiik 3eprreynep, ACM Digital Library,
IEEE Xplore xone Web of Science OolibIHIIIa €H TaHBIMAJ ACPEKKOPJIAPAbI Mai1aiaHa OTHIPHII,
onebueTTepal )KaH-KaKThI 137e/TiK.

[31ey skomarsl TOPT HETI3T1 TYKBIPhIMIAMaFa HeT13/IereH: O11iM Oepy JepeKTepid oHIipy, XAl
omicTepi, OHIMILTIKTI 00Ky JkoHE OaFaapiaamanayasl okpITy Hemece STEM. HakTbutaynpiH OipHerie
KaliTamaHybIHaH KeliH 013 1371ey >KOJIaFbIH TY)KBIPBIMIA IBIK:

("xacangel uHTeUIeKT' HeMece "AI" Hemece '"MammHanbIK OKBITY' Hemece '"TepeH
okpITYy" Hemece "Oumim Oepy nepekrepin i3mey" Hemece"EDM") sxome ("SHAP*" nemece
"LIME"nemece" mopmenbre Ttoyenai emec >keprunkri tycinaipmenep”, Hemece "PDP" nemece
"imiHapa Toyenaunk rpaduri” Hemece "SAkops "Hemece" My3 "Hemece" xeke mapTThl KyTy "Hemece"
are "Hemece" KWHAKTaJIFaH Xeprimikri acep") xoHe ("tycinmipy® "Hemece" Tycinmipy* "Hemece"
TpaHcnapamnusuiay*") sxoHe ("eHiMmmimik'") xoHe ("Oomkay*") JKome ("Oarmapiamanay*" Hemece
"CS1" nemece "xkommbroTep" Hemece "STEM") sxone ("OumiM "Hemece" okpITYy* "Hemece" MekTel
"Hemece " okymbl" Hemece "chiHBIN *" Hemece "akameMusnblK' Hemece "Kypc' Hemece "OKy
Oarmapnamacer").

Kocy JKome Anwin Tacmay Kpumepuiinepi. bi3 TapmanraH MakamalapIblH 3epTTEy
MiH/IETTepiMi3re Colikec KelyiH KaMTaMachl3 €Ty VIIIH KOCY OHE bl TacTay KpUTepHUiliepiH
Oenruienik.

Makananbl KOCy YIIIH MbIHagall KpuUTepHiliep aWKblHAANbl: 1) MalluHANbIK OKBITY
HEMece TepeH OKBITy TOCUIAepiH maijganana oTwpein, HMubopmarnka nHemece STEM-6imim
Oepy callachIHIaFbl OKYIIBUIAPIBIH YJITEPIMIH OOJKANTBIH 3epTTeyiiep; ii) Oomkay MOIeIbACpiH
Tycinaipy ymria XAl omictepi aHBIK KOJJIAHBUIATBIH 3epTTeyinep; iii) XAl icke ackipy omicTepiHiH
HAKThl CHUIATTaMallapblH KaMTUTBIH 3epTTeyiep; [V) pelieH3usnaHaThH >KypHajjapia Hemece
KOH(epeHIusIapa JKapusIaHFaH 3epTTeyep.

AJBITI TacTay KPUTEPHIATIEPi: 1) CTYASHTTEPIIH YArepiMiH O0IKayCchl3 MiHE3-KYJIKbIH TaJ1ayFa
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OarpITTaJFaH 3eprreyiep; i1) uHpopmaruka Hemece STEM Ou1iMiMeH OaliIaHbICTBI EMEC 3epTTEYJIep;
111) aFbUILIBIH TUTIHJE €MEC MaKaiajap; 1v) SMIMPUKAJIbIK HOTHXKEJIEPCl3 aHAIMTHUKAJIBIK MaKaasap,
HIoJTyJIap HEMece TEOPHUSUIIBIK )KYMBICTAp.

130ey ocone manoay npoyeci. Cyperte KepceTinrenaeH, 013 i31ey kKoHe 1piKTey IPOLEeCiHIH
TOPT Ke3€HIH KOJIJIaHbIN, KSHIHT1 Talay YIIiH €H MaHbI3bl 9JcONEeTTep Il aHBIKTAIbIK.

1 kxe3eH: 2024 XbUIIBIH MIUIACCIHAE 013 JEPEKKOPAAFbI TE3UCTEP MEH TOJBIK MOTIHIEPTE
QJIJIBIH aJla aHBIKTAJIFaH 137ey JKOJBIH KOJIJaHbIK, HOTIKeciHAe 1866 Makana maiiga OOIbl.

2 Ke3eH: TaKbIphINKa, aBTopiapra xoHe DOI-re Heriznenren 24 TenHYCKaHbl AJIBII TacTay
1842 makanaHbl KaJJIbIP/bI.

3 ke3eH: 013 KOCy JKOHE allblll TacTay KPHUTEpHIlIEpiH TeKcepy YIUiH TaKbIpBIITap/bl,
TE3UCTEP/Il JKOHE KUIT Co3epal KOJIMEH Kapam IIBIKTHIK, COaH KeHiH KIIT co3 TipkecTepl OoibIHIIA
MOTIHAIK 137eYy KYpri3aik. byn Tuicti ab3aurap makananapaarsl XAl pesiH aHbIKTay YIIIH OKbUIBI.
byn xkamam 6i3re XAl-ni Tek OailylaHBICTBI KYMBIC PETIHJE aTran 6TKEH, OipaK OHBI OKYIIBLIAP/IBIH
yirepimMin Oospkay YINiH apHalbl KapacThIpMaraH 3€pTTEYyJep/i alblll TacTayFa MYMKIHIIK Oep/ii.
Copnan xeiiin 613 1805 3epTTeyai anbin TaCTaAbIK, HOTHXKECIHIE 37 3epTTey Kalbl.

4-xanam: KanraH MakamanapJbplH TOJNBIK MOTIHIH IpIKTEY HOTHMXKECIHAE erKei-Terkeimi
MeTazepeKTep (MbICalbl, araybl, MAaKCaTTapbl, KOPBITHIHABLIAPKI, O11iM Oepy KOHTEKCTi) ajbIHBII,
©3CKTUIITiHEe HEeTi3eNreH KOChIMINa ajbll TacTayiap kacauasl. by coHFBI KagaM Tanaay yuriH 13
MaKaya KaJIbIp/bl.

Izgey xoHe ipikTey yAepici

ACM Digital Library _ mesem
# 1285 mMakama H kan;;‘mmlﬁ?h o
el £ 1842
g IEEE Xplore S
g %) ‘ :
& 289 naxana #1866 1805 aqEHE 273 MOIYAAH eToet
Kazmu = 37
Web of Science
# 292 MaKana 4-kezeq
24 TOTEIK OKyIaH eTneal
Kammger # 13

Cyper 1. I3ney xoHe Tannay npoteci [Search and selection process]

3epmmeynepoiy canacvin bazanay (Quality Assessment). Tannanran 3epTTEyIepiH canachl
Kitchenham yceiaran >xyieni oe0u IIOMyNapasl KYpPrizy *XOHIHAErl 9ICTEeMENIK YChIHBIMIapFa
coiikec OaranmaHabl. OpOip MaKaia 3epTTey MaKCATTAPBIHBIH aWKBIH/IBIFBI, KOJIAHBLUIFAH MAIIHHAIBIK
OKBITY aJITOpUTM/IepiHiH Her13au1iri, Explainable Artificial Intelligence (XAI) omicrepiniy cunarrany
TOJIBIKTBIFBI ’KOHE aJIbIHFaH HOTHKEJIEPIIH HET13/IUIIr CUAKTHI KpUTEpUiAep OONBIHINIA capanTasbl.
Ocnl Tananrapra coiikec keneTiH »oHe STEM Oinimi canacklHa MPaKTUKAIBIK MaHBI3bl KOFaphl
3epTTeysep FaHa KOPBITHIHIBI TallayFa eHT 131111

Kytiieni kamenikmep kaynin manoay (Risk of Bias). 1oy HoTHXENEpiHIH 00bEKTHBTUIITIH
KaMTaMachl3 €Ty MaKCaThlHJa BIKTUMAaJ >KYHelni KaTeNmiKTepliH Ke3aepi TanmaHabl. bipiHmrigeH,
TEK aFbUIIIBIH TUIIHACT] JKapUsIaHbIMIApIbIH EHri3UlyiHe OaiaHbICThl TULNIK aybITKy (language
bias) Oomysl MyMmKiH. ExKiHmigeH, Makaigamapipl IpikTey KOJMEH KYPTi3iIreHAIKTeH, TaHJay
ayBITKYBIHBIH (selection bias) BIKTHMANABIFBIH a3alTy YIIIH aJJIbIH ajla aHBIKTAJIFaH KOCy JKOHE
QNI TacTay KpuTepuiiiepi KaraH cakrainabl. COHBIMEH Karap, TeK PEleH3WSUIAHATBIH FBUIBIMU
YKAPHUSUTAHBIMIAP/IBI KAMTY apKbLIbI dKapHUUTAHBIMIBIK aybITKY (publication bias) eckepiyii.

Hotm:kenep Men TaaxkplLiay. Rql: nepexkrep KHUBIHTBIFbI, CHIIATTAMAJIApbl, 00JKay
MAaKCcaThl kJHe ajaropurmiaep. Jlepekrep >kKUbIHbIHA KeJEeTiH Ooncak, 1-kecrene KepceTiareHaeH,
3eprreynepain 69,2% - bl ©37ITiHEH >XWHAJIFaH JACPEKTep JKUBIHBIH Takmamanabl, an 30,8% -
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I STEM-men Oaiinanbictel Open University Learning Analytics (OULAD) nepekrep >KWUBIHBIH
nanaananasl (Kysunek xone 1.6., 2017: 1-8).

Kecre 1. Jlepektep >KUBIHTBIFBI MEH JIepeKTep Ko3nepin tapaty [Distribution of datasets and
data sources]

Jepex ko3i Komkerimaimik N MMaiip13
LMS O31 KMHaFraH 4 30,8%
LMS JKanmeira KomkeTiMal 4 30,8%
AJS O3i )xuHarax 2 15,4%
SIS O31 KxMHaraH 2 15,4%
Backanap O3i )xuHaran 1 7,7%

JlepekTtep ke37epiHe KeIeTiH O0ycak, €H Kol TapajFaH IepeKTep ko3 3eprreyain 61,5%-binaa
KOJIZJAaHBUTFaH OKy/bl Oackapy xyienepi (LMS) Gomnnpl, ofaH KeliH aBTOMaTTaHAbIPBIIFAaH Oarajay
xyhenepi (AJS) sxoHe OKyIIbUIApIbIH aKIApaTThIK XKyienepi (SIS) opkaiiceicst 15,4%-nan, an 7,7%-b1
OKBITYIIBIIAP/IbIH cayaJHaMajapbl MEH OakpliayiaapbiHa cyiienal (xanHakac oHe 1.0., 2021).

Ipixkteme emmemaepi 100-nen kem emec xoHe 30 000-HaH acTam OKYIIbIFa ACHIH OOJIHI,
OULAD cuHsKTBI YJIKEH AepEKTep KUBIHTHIFBI )KOFaphbl O0JDKaM JOJIIriH KaMTaMachl3 €TTi. MbIcabl
AnHaH >xoHe Oackanapbl (AqHaH koHe T.0., 2022: 129843—-129864) xypri3reH 3epTrrey OoubIHIIA
91,9% xypaasl. KimriripiMm Jepekrep >KUBIHTBIFBIH Ja KYHJbI akmapar Oepai. Mbicansl, Puko-Xyan
xoHe T.0. (Puxo-XyaHn xonHe T.0., 2023: 955-969) 90 oxkymiblgaH anbIHFaH ACPEKTEpl IMaiimanaHa
otbipei, AUC 0,70-ke XeTTi.

Huvican mypnepi orcane Kipic atinvimanviiapsl. bomkanasl MoaenbIep Kipic peTiHae KbI3MeT
€TETIH OpTYPJIi HBICAHAApP HETI31HAe KYphUIaJbl. |-KecTene KkepceTirenaei, opoip HpIcaH Typi Oenrini
01p Kipic aifHBIMATBUIAPBIH KAMTHIBIL.

bi3 opTypui perieH3usIIaHFaH MaKaiaaapblH CUIIaTTaMalIapbl 9pTYpPJii €KEHIH aHBIKTa/IbIK, OYJI
MyFajimzaepre "Kapa Skourk" yiriiepi Typajbl HaKThl TYCIHIK aidynabl KublHAaTaabl. XAl omicrepi
cunarraMaiap/blH YJIeCiH HaKThUIay KOHEe MaFblHAJIbl MHTEPIIPETALMSHbI KOJ/IAy YIIiH KaXeT.

3eprreynepaiy 29,7% naiinanaHblIFaH MiHE3-KYJIBIK JepeKTepl 0acy »oHe KaThICy AepeKTepi
CUSIKTHI alfHBIMANbUIAPAbl KaMTUAbL. Mbicasbl, Swamy >koHe Oackanapsl (Cysmu xoHe T.0., 2023:
345-356) Scala Garnapnamanay KypChIHBIH COTCI3/IKKE YIIbIpay KaymiH OeiiHe MEeH BUKTOPHHAHBI
Kepyai KaJgaranay apKbuibl Ooipkaabl. Baxun skone 6ackanapsl (Yaxua xoHe T.0., 2023) Moodle-men
e3apa opekerrecy Herizingae STEM kypchIHaH 6Ty HeMece COTCI3IIK HOTIKEIepiH O0IDKaIbI.

3eprreyaepaid 27,0% KoigaHbLIaThIH aKaAeMUSUIBIK YJITEpIM Typajibl MAJIIMETTEP, MbICAJIbI,
Oaranay HOTIIKEJIEpl JKOHE KYPCTBIH asKTaly MopTeOeci HaKThl KETICTIK KOPCETKIIITEpiH Oepei.
Mpicanbl, AnHaH jkoHe Oackanapbl (AmHaH >koHe T.0., 2022: 129843-129864) oKymIbLIapIbIH
HOTIDKENEpIH KeJecified jkikTey YIIiH Oaramapiabl KaJaranabl: €peKlIeNieHy, eMTUXaHHAaH OTy,
COTCI3/IIKKE YIITbIpay HEMECe KETY.

Hemorpadusnsik gepexrep (16,2%) xac jxoHE KBIHBIC CUSKTHI aifHBIMANBUIAPMEH KEHIpeK
KOoHTeKCT Oepeni. barmapnamamay nepexrepi (13,5%) Kom TMeH CHHTAaKCHCTEri KaTellep CHUSKTHI
aliHBIMaBLIApAbl KaMTUABl. MoTiaMoHaik nepekrep (13,5%) KypCThIH KYpHAENiIiri, yrnainap xoHe
cabak cxemaapbl CUSKTBI aifHBIMAIIBLIAPIbI KAMTH/IBI.

OmnapaplH 1IIIHAE MIHE3-KYJIbIK CUIarTaMaiapbl JKOHE OHIMIUIIK KOpPCETKIITepl €H Kell
KOJIJIaHBLIAThIH OOJIBIIT FaHAa eMec, coHbIMeH Karap XAl KocbIMIIamapblHAa TYCIHAIpY YILUIH €H
MaHBI3IbI OOJNBITT TaOBUIAbI, OUTKEHI OJlap OKYIIBUIAPABIH KaThICYbl MEH JKETICTIKTEPIH TiKeei
KOpCeTei.
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Kecte 2. Kipic aitnsimanbsuiapseiabig Typiiepi [Types of input variables]

Typi Kipic aiinbiManbLiapbl Maiib13 ABTOpJIap

Kypc GoiibIHIIIa KITUKCTPUM AEPEKTepi, MOTIHIIK Swamy sxoHe T.0., Alrajhi xxone

MiHe3-KYJIBIKThI T 29,7% y
IQIBIKTRIK HiKipJiep, KaTbICy, KaThICYIIBIIBIK e T.0., Rico-Juan xomne T.0.
. . Lu xomne 1.60., Giannakas >xone
Axanemusiibik yirepim - OBK, kypcThl asikray Maptebdeci, baranay 6anmapsl 27,0% 6
.. .. Baranyi xone T.0., Mendez
Jemorpadusibik JKBIHBICHI, KAaCBI, €H JKOFapbl OUTIM AeHreki 16,2% Y
*KaoHe T.0.

Barnapnamanay Kon, neprenepai 6acy kinipici, 6argapnamanay 13.5% Pereira xone 1.6., Waheed xone
JepeKTepi KOHCTPYKIMSUIaphl, CHHTaKCHC KareJepi =70 T.0.
KoHTeKCTTiK KypcTein Kypaenisiri, Kpenrurrep, OeIceHaiTiK 13.5% Rahul xone Katarya, Giannakas

yurinepi =70 JKOHE T.0.

bonowcay maxcammaper men aneopummoepi. bomkay MakcaTrTapblH TYCIHY ©T€ MaHbBI3[IbI,
eiiTkeHi omap XAI oxicTepi TYCiHIIpyre ThIpBICATBIH KOHTEKCTTI KaMTaMmachl3 €Teli. 2-KecTene
KOpPCETUIreH e, MaKcaTTap MeH OoJpKay alropuTMIEpi apachIHia HAKThI OaiiaHbIC Oap.

EH ken TapamraH MakcaTr - KypCTBIH COTCI3MIIKKE VIIbIpAy Kaylli, OUTKEHI 3epTTeyIepHiH
61,5% cryaeHTTepiH €MTHXaH TalChIPAaThIHbIH, CITCI3IIKKE YIIBIPAaWTBIHBIH HEMECE OKyJdaH Oac
TapTarblHbIH Oospkaiiael. Random Forest (Purartu, 2017: 31-39), XGBoost (Yen, I'ectpun, 2016:
785-794) xxone LSTM (I'pedd xone 16., 2016: 2222-2232) CUAKTHI KIKTEY aITOPUTMIIEP] €H KOl
Konmanbutaabl. Meicansl, Jly skoHe oHbIH aBropiapsl (JIy sxone 10., 2023: 1-9) STEM kypchinaa
xgboost kemeriMeH oKyabl Oomxkayna 90% MoNnIiKKe KO KEeTKi3Ii.
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Kecre 3. Crynentrepain yarepimin 0omxkayna konnanburan X Al rexaukanapeiaa momy [Review of XAl techniques used in student performance

prediction]
ABTOpJap Boumxay makcarbl MakcarTbl aliHBIMAJIBLIAD Y3aik aaropurmaep XAI TexHukacbl Jlenreii Busyasnu3zanus uicrepi
Swamy xoHe T.6. Kypcran Kaiy Kaymi Sca}a 6af;1€.:1pnaManayL[a: BiLSTM, nonairi 90% SHAP, LIME Kahanmpik XAI YKCACTBIK KapTacel,
orTi/eTmeni GeJrinep MaHbI3AbUIBIFBIHBIH KAPTAChl
Baranyi xoHe T.6. Kypcran kany kayri STEM kypebin FCNN, nomnairi 72,4% SHAP, WKahammprk ~ SHAP KHBIHTHIK jtarpammacsi;
OiTipi/UIBIKTHI Permutation Importance MaHBI3/[BUIBIK KeCTeCi
Alrajhi xone 7.6. Crynenr Genceniniri Big Data kypceiHaarst BERT, siosiri 92% Integrated Kexke VisualizationDataRecord
MiKip Ke3eKTiNiri Gradients (Captum [36])
Mendez xone T.6. Bara Hemece ymaii CS KkypchIHarsl 6ara GBT (IF@M“‘ SHAP Kexe Hepbec AGHICIICK arpammaniap
KOpCEeTiIMEreH) (SHAP monzepi)
Adnan skone T.6. Kypcran kay Kayri STEM: y3uix/eTti/ Random Forest, SHAP YKahannpik, XahaHFIﬁIK: JKUBIHTBIK,
OTIEIi/IIBIKTHI nongiri 91,9% Keke TOYCIAUIIK AnarpaMMachl;
Kexke: xepriikri TyciHaipy
Pereira omHe T.0. Kypcran Kany Kaymi Python Kypcblria: XGB‘O(‘)SL SHAP Kahannerk, )KahaHZ[BII.C Garanan1,
eTTi/eTHE] nonairi 81,3% Kexe HKUBIHTBIK;
JKeke: mrenrim, Kynr JuarpamMMacsl
Rahul sxone Katarya Kypcran Kaiy Kaymi STEM kypebina: EDL_KDF, SHAP Wahannpig ~ DAFaHalBl AMarpamma,
oTTi/oTIEemi nmanairi 99,6% SKUBIHTBIK AHarpaMma
. . b
Rico-Juan xoHe 1.6. Kyperan kany Kayri afuapnaMaH.ay Random Forest, SHAP Kahaseik )KMLIHT'LIF JiarpaMma,
TanchpMackL: AUC 0,70 TOYENUIK AMarpaMMachl
oTTi/oTIeni
Lu skoHe T.6. Kyperan Kany Kayri STEM kypcbiHan XGBoost, gamniri 90%, SHAP JKahaujpik, Xaha“g‘{m: KUBIHTBIK, OaFaHallbl,
IBIKTBY/ HIBIKTIA b AUC-ROC 0,89 Kexke TOyenainik, e3apa apeketr, SHAP kapracsr;
JKeke: capkpipama JuarpamMmac!
. . Barpapnama. .
Giannakas sone T.6. Bara nemece yrmait FAAPIIAMAIIEIK DNN, nonairi SHAP Wahannpi ~ DAFaHalBl AMarpamma,
HHXCHEPHS: 82,39% JKHBIHTBIK HarpaMma
A nemece F
Waheed some T.6. KypeTaH kany Kayri STEM kypcbiHaa: LSTM, nonniri 84,57%, SHAP JKaham bk JKUBIHTBIK TrarpaMma,
oTTi/oTIeni AUC 0,82 TOYENIUTIK {HarpaMMachl
Effenberger sote Pelanek  Koarst Tycity Python kypceiHmarst Jepbec knacrepiey Tycinaipinerin JKaharsik Kuacrepienren Genriiep MaTpuLacel,
KOJI KJTactepiepi aNropuT™Mi KJIacTepiey alaropuTMi KJTacTep YKUBIHTHIK THArPAMMACHI
Afzaal sxome T.0. Bara Hemece yaif Bafz(apnaMz?nay TalCHIPMATAPBIHEI - ANN;, siamairi 90% Counterfflctual FKexke Kepi Gaiinanbic Oakpuiay
HOTHXeNepi Explanations takracsl (DICE)

0¥8I-SEI€ (1urid) NSST

6S8I-SEIE (duijuo) NSSI2

9207 - (7)Z ‘ruinof sa180]0uyd3] 1S



ISSN (print) 3135-1840  eISSN (online) 3135-1859 Smart Technologies Journal, 2(2) - 2026

3-xectene 3eprreynepnid 23,1% HoTmwkenepin Oomkay ymria gradientboosting Trees (GBT)
(Opunman, 2001: 1189-1232), xacannel HelpoHabiK xeniiep (ANN) (Ernanapasua, 2009) xone
tepeH HeWpoHnablk >keniaep (DNN) (Ie »xome T1.6., 2017: 2295-2329) cusSKTHI KyIIEHTETIH
NIrOpUTMIEP HEMece HEWPOHIBIK >Kelllep KoMAaHbulabl. Mpicanel, MeHzaec >xoHe Oackanap.
(Mennec xoHe T.0., 2021) nHpOpMaTHKa KypChIHBIH TYPAKThI OarallapblH OOJDKAy YIIIH PErpeccus
GBT konmanael. "Kontsl Tyciny" canateinga Odenbeprep men Ilemanex (Dddendeprep sxoHe
[lenanex, 2021: 101-112) Python kypchlHAa KOA €peKILEeNIKTEepiHe HETi3JeNreH CTYACHTTepAIH
OafapaaMaibIK MIEMIMASPiH TONTACTHIPY YIIiH Kiactepieyai Konganasl. Ctynentrepai Tapty yiniH
Anpamxu xoHe T.0. (Onpaxxu xoHe T.0., 2023) tpancdopmaropnapaan Exi barbirter Konraymst
Kepinicrepi 6ap konganOansl MaTinal enaipy (Aesnun, 2018) (BERT Herizinaeri HEMpOHBIK K€1)
JKeJIeNIITH XKIKTey YIIiH cTyaeHT Big Data kypcbinaa TyciHikreme 6epin, 92% sxorapbl 1971/11KKE KO
JKETKI31.

Rq2: XAl onicrepi, uHTEepnpeTanus JAeHreiiepi, OeiiHesiey daicTepi :xkoHe NPAKTHKAJIBIK
icke acbIpy. bomkamapl MomeIbAEP/IiH HHTEPIPETANMACHIH KaKcapTy yuriH optypii XAl omicrepi
KomanbuLibl. EH ken kKommaneuiateiH ofic petinae [lermuain Kockimina tyciaipmenepi (SHAP)
(JIyanbepr, JIu, 2017) 11 3eprreyme kenrtipinreH. Msicansl, Ilepeiipa (Ilepeiipa xone T.0.,
2021: 117097-117119) XGBOOST wmoneniMen SHAP-Ti OKymIbUIapIbIH HETi3ri MiHE3-KYJIKbIH
aHBIKTAY YIIIH KOJIJAH/ABI, MYFaliMaepre TaObICKa KaHAai (akTopiiap BIKIMAl eTETiHIH TYCiHyTe
KeMeKTecTl koHe Python KypceiHIa Toyeken TOOBIHIAFbl CTYAEHTTEPre MaKCaTThl KOJ1ay KOPCETTI.
SHAP-TiH TaHBIMaJAbUIBIFBIH OHBIH OMBIH TEOPUACHIHAAFBI Oepik TeopusiblK HerizdimeH (Llerun,
1953), sxeprimikTi »*xoHe >kahaHABIK TyciHiKTemenep Oepy KaOUIeTIMEH, MAaIlMHAIBIK OKBITY
MOJICTIBACPIHIH KOMIIUIITIMEH dKYMBIC 1ICTEY MKEMJIUTITIMEH KoHE alllblK 0acTarnKpl KiTarmxaHajJapMeH
KOJI JKETIMIUTITIMEH TYCIHIIpyre O0maibl.

LIME. Tex Oip 3epTreyae >KEprimiKTi TYCIHAIPUIETIH MOMENBAIK JHATHOCTHKAIIBIK
tycinikremenep (LIME) komnmawemiaer (Pubeiipo u gp., 2016: 1135-1144), op xarnaiira
KEHIIIETUITeH MOJIENBAEP JKacay apKbUIbI )KeKe OoInKamMIap/sl TYCIHAIPETIH KeHIHEH KOJIaHbIIaThIH
onic. LIME Hakrtbl Oomkamzap YIIiH KYpZAesl MOAEIbIIH MIHE3-KYJIKbIH KYbIKTAy YIIIH ChI3BIKTHIK
perpeccusiiap Hemece LIEMIIM aFalliTapbl CUSKTHI XKEPrulKTI cypporaTr MOJeNbIepiH Kacaiiabl. ATtan
antkanna, Swamy (Cysmu xoHe T.0., 2023: 345-356) BukTOopuHanmap xioepy xkoHe OecitHenepre
KaTBhICY CHUSKTBI COTTIIIKKE dcep €TETiH MaHbI3/Ibl (hakTopiapabl aHbikTay yiiH LIME xongaHabl.

AyvicmulpyOsiy Manbl30bLIbI2bL. 3epTTeYaepaiH Oipinae Permutation Importance (AnbrMan
xkoHe T.0., 2010: 1340-1347) omici KOJNIAHBUIALI, OJ dp OCNTiHIH MOHACPIH apanacThpy KoHE
MOJIETIB/IIH JQJAIriHE 9CEpiH OJIIIey apKbUIbl OeNTriIep/iH MaHbI3IbUIBIFBIH Oaranayra MYMKIHJIK
Oepeni. JonmikTiH aifTapiblKTail TOMEHACYl MaHbI3IbI OeNTiHi Kepcereni. bapanbu oHe Oackanap
(bapanbu xonHe T.6., 2020: 13-19) omsl STEM KypCBIHBIH MaHBI3BI KOPCETKIIITEpl pETiHIE
YHUBEPCUTETKE TYCY Ke31H]1e 0all CUAKTHI (pakTopaapsl pacTail OThIpPbIIN, O1Tipy/i OOJKayILIbLIAP k]
TEKCepy YLIIH MaijanaH/Ibl.

bBipikmipineen epaouenmmep. Anbpamxu xoHe Oackamap (Anbpamxxu xkoHe T.0., 2023)
OKYIIBUTAPBIH IIYFBII TYCIHIKTEMENEpiH any yiriH Bert MomemiH TyciHAiIpy YIIIH OOBbEKTLIEepre
amaparblH Jkoyimap OolbiHmarel rpamgueHtrepai ecenteiTin (CyHmapapamkaH xoHe T.6., 2017:
3319-3328) unTerpanusiaHFaH TpagueHTTepal KongaHabl. byn omic Myramimzaepre *eaen xayar
Oepy/i KaXXeT eTeTiH ailMaKTap bl aHBIKTayFa )KOHE MOJIENb/IIH alllbIKTHIFbIH aPTTHIPYFa KOMEKTECETIH
KT ce3zepai 0emin KepcerTi.

Konmpagaxminix Tycinikmemenep. Ad3aanma xone Oackamap (Adzaan xone T1.0., 2021:
37-42), xouTpadaxTtiiik TyciHikremenep (Baxrep xone 1.6., 2017: 841) MyMKIHAIK MOHJEPIH PETTEY
apkbLIbl "what-if'" crienapuiinepin xacay yIIiH naigananbuisl. by Tocia eHrizy MyMKiHAIKTepiHAeT1
€H a3 es3repicTepliH MOJENbIIK Ooykamaapra Kajlalh ocep eTeTiHiH 3eprreiini. byn 3eprrey
OarmapiaMalnay KypcblHIA CTYASHTTEPIIH MYMKIHTIKTEPIH KEHEHTY VIIIH JKEKeJICHIIpUITeH
YCBIHBICTAp/ABl TaijanaHyra OarbITTainfaH, Oy ONapAblH YITEpiMiH JKaKcapTy YIIIH MaKCaTThl
OpeKeTTep/Ii OpBIHAYFa MYMKIHAIK Oepe/ti.

Hatioananywer mycindipemin  kiacmepney aneopummi. Ddenbeprep xoHe [lemanex
(Oddendeprep, Ilemanex, 2021: 101-112) Python KypcelHAa OKymIbIIap YCHIHFAH KOXITHI
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KIKTEy YINIH TMalJaJaHyIBIHBIH WHTepIpeTAlMsUIaHFaH KJIAcTepiiey AalTOPUTMIH UK KOHE
LIapTThl ONepaTopiap CHUSKThl CTaHAApTThl Oarjapiamanay yiaruiepinie nainanannael. byn tocin
MyFajimMepre kajmbl KOJATay SICTEpiH KbUIAaM aHbIKTayFa MYMKIHAIK Oepenl, Oys1 MakcaTrThbl Kepi
OailTaHBICTBI JKEHULAETEN1 kKoHe Oarjapiamanay TarcChlpMallapblHIAFbl OHIMIUTIK JCPEeKTEepPiHIH
UHTEPIPETALUACHIH apTThipaasl. Op Typiai XAl omicTepi KOlJaHBUIFAHBIMEH, KapacThIPBUIFaH
3epTTeynepAe JKMHaKTaiaraH keprunikti sddexrrepne (ALE) (Ammu, Xy, 2020: 1059-1086)
OaiinanbicTelpy (Pubeiipo sxoHe T1.6., 2018) ’xoHE TepeH OKBITYAbIH MaHBI3Abl (DYyHKIUSIAPHI
(DeepLIFT) (LLpukymap xoHe T.0., 2017: 3145-3153) cuskThI omicTep alTapiabIKTaii xxeTicneai. by
QIIIAKTHIK OOJIaIaK 3epTTEyNIepre OChl JICTEPl OKYIIBUIAPIBIH YITEpiMiH OOIKay MOJCIbICpiHe
eHrizy MyMkinairii amazasl. biz XAl-nin nadopmaruka sxone STEM 61i1iM Oepyieri npakTHKaIbIK
KOCBhIMILIaJIapbIHa apHaJIFaH 9/ieduerrepre 0ipae-0ip MIoaybl TannaablK. byl OKbUIBIKTHI KO0 YIIH
013 1-kectezne OiiM Oepy HOTHDKEJIEPIHE BIKITAJI €TETIH THICTI KOCBIMITIANIAPbl KOPBITHIHIABIIAIBIK.

Kecre 4. CS xone STEM 6imiminne XAl xkonmany [Application of XAl in CS and STEM
education]

Camnar Iaiib13
YKahaunpik Oenrisepaid MaHBI3ABUIBIFBIH TaJIaY 33,3%
XKexke Oomxamabl TyCIHIIpY 20%
Apanacynap/sl koHE HIEIIiM KaOblIaay/bl Koaay 26,7%
Benrinepnin e3apa opeKeTTeCyiH 3epTTey 13,3%
KypcrTsl jxakcapTyFa OaFbITTajIFaH ic-1apanap 3,3%
Y cpIHBIMIAD JKacay 3,3%

Kahanowvix 6eneinepoiy manvizovlivievin manoay. Kapacteipeurran 3eprreynepaidn 33,3%
KYpaNTBIH HET13T1 KOJIaHy *)ahaHablk OeNTiiepiH MaHbI3IbUIBIFBIH TaJI1ay OOJIBIN TaOBIIaAbl, OHBIH
MaKcaThl OKYIIBUIAPABIH Kbl YIATEPIMi YIITIH €H MaHbI3IbI OCITUIep/Ii aHbIKTAy OOJIBIN TaObLTa IbI.
Meicansl, Ilepeiipa xone Oipnecken aBtopmap (Ilepeiipa sxone T1.6., 2021: 117097-117119)
CTYICHTTEpPAIH YJArepiMiHe ocep eTeTiH MaHbI3Abl (pakropnapiasl Tanaay yurH SHAP KHBIHTHIK
KeCTeNIepiH KOJJaH/Abl jkKoHe OipiHII emMThxaH Oarackl MEH jKyHere Kipyre kereTiH yakelT CS1
KYPCBIHBIH OKY YJATepiMiHiH HETi3r1 (hakTopiapbl €KEHIH aHBIKTAIbI.

HKeke bonocamowvt mycindipy. 3eprreynepiain 20% - bl jxeke 00mKaMIbl TYCIHAIPY apKbLIbI
KEKE OKYIIBLIAPIbIH MIHE3-KYJIBIK YATUIEpIHE ocep €TEeTiH, MaKCcaTThl akKmaparTapisl Oein
kepcereni. Meicansl, Jly (Jly xome T.6., 2023: 1-9) HIAII capkbipamaceinbiy kecteciH (SHAP
Waterfall Plot) pecypcrap MeH Tarncbipmanapabl 6acy CHSKThI (PyHKIMSUIAPABIH 9CEPIH KOPCETY YIIiH
xoHe Oy (akropnap okyubiHbIH STEM KypchiHIa OKYBIH JKaJIFacThIpy HEMECE OHBI TacTaml KeTy
BIKTUMAJIJIBIFBIHA KQJIal ocep €TETIHIH TYCIHAIPY YIIIiH Hai aiaH/b.

Konoay Ilapanapvr Kone I[llewim kabwvinoay. 3eprreynaepain 26,7% - wviHga XAl
KOCBHIMINIaJaphl OKBITYIIBUIAPFA OKYIIBUIAPIBIH YJITEPIMiH KOJIJAy VIIIH YaKbITBUIBI apajiacyra
keMekTeceni. Mpicanel, Anpamku koHe Oackamap (Anbpamkxu xoHe T.0., 2023) Captum
Busyanu3anuachid (Koxuunkss xxone 1.0., 2020) MyFanimzepre HIyFbII Ha3ap ayapyabl KaKET €TEeTIH
TYCIHIKTEMeJNEep/Il aHbIKTayFa KOMEKTEeCY YIIIiH, KaKeT OOJIFaH KaF/aiia MaKcaTThl KOJI1ay KepceTyre
MYMKIHJIK Oepy YILiH KOJIJaH/bI.

Epexwenikmepoin Ozapa Opexemmecyin 3epmmey. 3eprreynepnin 13,3% -bIH KypailTbiH
(DYyHKIIMOHAIIBIK ©3apa 9PEKETTeCY/ll 3epTTey opTypii (aKTopiapablH OKYLIbUIAPABIH YJTepIMiHE
KaJllaii ocep eTeTiHiH 3eprreiai. Meicansl, Baxum sxone Oackamap (Yaxupm xoHe T.0., 2023)
BUKTOPWHAFa KAThICy MEH KYPCTBHIK TallChIpMaliap apachlHIarbl OailaHbicThl 3eprTey yinriH SHAP
TOYEJIUTIK CIOKETTEepiH nainananasl. Onap exi ic-mmapara J1a JOUEKTi KaThICy COTCI3IIK KayIli TOMEHT1
JeHreitMeH OalTaHbICThl €KEHIH aHBIKTaIbI, OYJT JKUBIHTHIK OKYIIBIIAPIBIH YATEPIMiHE )KUBIHTHIK OH
oCepiH KOPCETETIHIH aHBIKTa/IbI.
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Kypcmuor npaxmuxaneix orcemindipy. Kapactelppuiran 3eprreyiepiain Oipeyinne rana XAl
KypPCTBIH JKaKcapyblH 137ey YLIiH naianansuiel. CBamu sxoHe 6ackanapsl (Cyamu xoHe T.0., 2023:
345-356) camaisl cayamHamajap XYprisim, OKbITYIIbUIApABIH 85% - maH acTamMbl BUKTOPUHAJIBIK
TanchlpMaiappl TY3€Ty CHUSKTbI Oarjapiamaiiay KypCbIHBIH 2J€MEHTTepiH HakThuiay yimiH XAl
ujesiapbiH OarallaraHbIH aHBIKTAIbl.

¥cvinvicmap Kacay. CoHnaii-ak, KapacThIPbUIFaH 3epTTEYICPAiH OIpiHIC KEKEICHIIPUITCH
Kepi OailnaHpicKa OarbITTalFaH YCBIHBICTAp Kacanabl. Adzaan >xoHe Oackanapbl (Ad3aai
xoHe T.0., 2021: 37-42) apHaifbl KeHecTep YCBHIHATHIH Oakpliay TaKTAaChIH »acaJbl. MbICabl,
erep BHUKTOPMHAJBIK YIAiiap >XKakcapTyabl YCBIHCA, OHJA TAKTachl CTYACHTTEpre THICTI OKY
MaTepuaniapbl OOWbIHILIA YCBIHBICTAp Kacailipl, OyJl cTyaeHTTepre Oarjapiamainay AarblIapblH
KETUTNIPYAIH MPAKTHKAIBIK CTpaTETHsUIapbIHA Ha3ap ayAapyFa KOMEKTeCe/Il.

Ocplnaifia, >KeKeJIeHAIpUIreH YChIHbICTap >kacay yuniH XAl maiinananyna aitapiblkraid
aNIIAKTHIK 0ap. ByJ ONKBIIBIKTHI KO0 OKBITYIIBIIAPFA JKEKE CTYACHTTEPl KaKChIpaK Koyijaay YIIiH
YKEKEJICHTIPUITEH, IEPEKTEepre HET13/Ie)IreH YChIHBICTAP YChIHYFa MyMKiH/IIK Oepeni. CoHbIMEH Kartap,
XAI kypcbIH keTinaipy OoibIHIIA YCHIHBICTAP IEKTEYITi 00BN Kalia Oepei, Oy OKBITY/IbI )KaKcapTy
KOHE OKY HOTHI)KEJIEepiH OHTAWIaHBIPY YIIIH KOCBIMINA MYMKIHIIKTEP allajbl.

Tycinoipy deneetinepi. OKymIbLIAPIBIH OKY YATEpiMiH Oomkay yiriH XAl ogicrepin 3epTrereH
Ke3lle, TYCIHIIpy omicTepi skahaHIBIK *KoHE jkeke (KepTiTiKTi) JCHreisiepre >KiKTelemi, OJIap/IblH
OpKaMChICHl €peKIle TYCIHIKTEp YChIHaAbl. KapacTeIpbuiFaH >KeTi 3epTTey *)ahaHIbIK JCHreneri
TYCIHIIpMenepre, yiieyl jKeKe OeHrenzeri TyciHaipMmenepre OarpITTajfaH, al yHIeyl eKeyiH ne
KaMTHJIBI.

Onemoix OeHeell. ONEMIIK TYCIHIIpME OapiblK Ooimkamaap OOWBIHIIA MYMKIHIIKTEPIIH
MaHBI3ABLIBIFEl TypaJibl TYCIHIK Oepeni, OYJ1 IepeKTep >KUBIHTHIFbI OOMBIHINA YATUICPAl OaKblIay bl
xeHingereni. Kapacteipeiiran 3eprreynepae SHAP omerTte MyMKIHAIKTEp/IiH MaHBI3IBUIBIFBl MEH
TOYENAUTIKTEPIH OJeMIK JeHrele aHbIKTay VIIH KonmaHeuiaabl. ON JKaH-)KaKThl TYCIHIKTEp
6eprenimen, SHAP >xorapsl ecentey pecypcTapbiH, acipece KOraphl ©JIIeM Il IePEKTep YIIiH KaXeT,
OyJ1 OHJICY IIBIFBIHAAPBIH aPTTHIPYBI MYMKIH.

Kexe Oeneeu. JKexe TYCiHAIPY MYMKIHAITT >KeKe OoimKamaapra epeKIIeTKTEPIIH
ocepiHe OarbITTalFaH, >KEKe OKYIIbUIApFa apHaJFfaH >KEKEJIEHIIpPUIreH Taljayaapabl KOJIaiibl.
WuTerpanusiianrad rpaaueHTTep (ATbpapkxu u ap., 2023) xoHe KOHTpadaKTUIiK TyCiHAIpMeTep
(Adzaan xone T.0., 2021: 37-42) CHAKTBI 9AIiCTEp EpEKIIETIKTepre HETI3ACITeH YJecTep MEH
HOTIDKEre ocep eTeTIH MUHUMANJbl ©3repicTepli KamTamachl3 eTeli, Oyl Keke apaiacyinapra
MYMKIHJIIK Oepei.

Exinmi xarpinad, LIME monynan eTken 3eprreynepin Oipinne naiiga 6omabl (CyaMu xaHe
T.0., 2023: 345-356). LIME OGomkaMIbl jKaKbIHAATY YIIIH XEPrUTIKTI CypporaT MOJENIH Kacay
apkblibl SHAP-Ka Kaparanja jxeke TyCIHIIpMeepAiH UHTYUTHBTI BU3yalIn3allusAChIH YChIHAbI. by
naiananyumbliapra 9poip MyMKIHAIKTIH Oenrii O1p jkaraai yiIiH OoyKaM bl HOTHOKEre Kajlail yiec
KOCATBIHBIH JKaKChl TYCIHYT€ KOMEKTECE/Ii.

KapacTtoeipbutFan 3epTTeyaep/IiH KommuIiri xxahauaplk TyCiHaipyiepre 6aca Ha3ap ayaapajbl,
JIETCHMEH JKEeKe JICHIeHIer] Taijay )Keke TyJIFajaap, OutiM Oepy apaniacyiaapbl YIIiH MISHTyI OOJIbIT
kana Oepeni. ConbiMeH Karap, CBamu >xoHe Oackamap (Cysmu xoHe T.0., 2023: 345-356) aran
etkeHaeil SHAP xone LIME cusiktsl optypni XAl axictepi 6ip nepekTep KUBIHTBIFbIHAA dPTYpIIi
TyciHikTemenep Oepe anmazabl. byn mMacenenep 3eprreyurisiep HenikTeH Konaay yuris 6ip XAl oxicin
KOJIZJAaHFaHBIH TYCIHAIpE ajajabl TYCIHIKTeMeNepHiH Ioiexrtiniri. byn mocenenep 3eprreyminepain
TYCIHJIpMENEPiH AOUEKTUIIrH cakTay yiIiH XAl oficiH He YIIiH KOJJIaHFaHbIH TYCIHAIPY1 MYMKIH.
OHIMAUTIKTI 00JKay MOJIETBAEPIH jKacay Ke3iHae 0oykay oIiri MEH MHTEpIpeTalus apachblH1arbl
Tere-TeHAIKTI KAMTaMachl3 €Ty MaHbI3Ibl.
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Kecte 5. MammHansIk OKBITY koHE TepeH OoKbITY [Machine learning and deep learning]

Typi Maiib13 Aaroputm Mopneas paaairi  Y3aik aaropurm
. GBT, ANN, Random Forest 88.3% Random Forest, nonairi
o ) ) ) 3% )
HocTypii MAIIMHATILIK OKbITY 33.8% XGBoost, Custom clustering +438 91,9%
BiLSTM, FCNN, BERT, EDL_KDF, 86.8% EDL_KDF, gomnniri
0 = ,07/0 i
Teper oxpiTy 46,2% DNN, LSTM +93 99,6%

JlocTypmi MammHanbIK OKBITY. S-kectene kepcerinrenaei, GBT, Random Forest, XGBoost,
ANN >xoHe apHaiibl KJjacTepliey aJrOpUTMJEpl KapacThIpbUIbIN OThIpFaH TocunaepAiH 53,8%-biH
Kypaiael. By mocTypii MammHaNbIK OKBITY MoOJenbepi oprama JanmaikTi 88,3 + 4,8% Kypalasl,
an kesnercok opmaH 91,9% eH jkakchl HOTHDKENEpre Ko skeTkizeni (AaHaH skoHe T.0., 2022:
129843-129864). byn mopenwaep TyciHmipyai xaxcapry ymiH SHAP >xoHe koHTpadaxTisik
Tycinaipmenep cusakTel XAl onicTepin naiigananassl.

Tepen oxpiTy. Exi 6arbiTTel LSTM (BIiLSTM), TonbikTail OaitiaHbICThI HEHPOH/BIK JKETiIep
(FCNN), BERT, aiikpia TepeH okbITy Oinimin 6emy ¢peiimBopki (EDL KDF), DNN xone LSTM
CHUSIKTBI O3BIK apXUTEKTypajiap omicTepaiH 46,2%-bIH Kypaiiapl xoHe opTaia q1aiaik 86,8% + 9,3%-ra
)eTeni. byt e3reprimTik TepeH OKBITYIBIH O/IaH Ja )KOFapbl OHIMIUIIKTI KAMTaMachl3 €Ty MYMKIHIIT1
Oap exeHiH kepceTeni. TepeH OKbITY AOCTYPIIl TYP/Ie OHIIIA TYCIHAIPIIMENTIH 00N caHaica aa (MuH
xoHe T.0., 2022: 3503—-3568), Oy mony TepeH OKbITY MoneibAepin Tycinaipy ymin SHAP, LIME
JKOHE HHTEeTpalMsUIaHFaH TPpagueHTTep CUIKTHI opTypii XAl omicrepin maiigananyra OoNaThIHBIH
anbIkTanbl. TepeH okpiTy Momeni As DAbDBI-LSTM sxone ResNet-101 >xeninepin OipikTipreH
EDL KDF Ttepen oxbiTy KypbulbiMbiH (Paxyn, Karapita, 2024: 1-8) maiinanasbll, €H OFaphl
99,6% nonmikke KOJ YKETKi3[i. ByJl KyphUIbIM IOCTYpIli MAalIMHANBIK OKBITY MOJENBACPIHEH aChII
TycTi. COHABIKTAH, erep OoyKay AQJAIrT HEri3ri Makcar 0oJica )KoHE TEPEH OKBITY MOJIENbJEPIHIH
TYCIHAIPUTY MOcelneepid menryre 0omarbiH 0oJica, TepeH OKBITYy alropuTMjepl OipiHIN TaHay
0OJTyBI KEpEK.

OxymibiapablH yiarepiMin Oormkayra apHanraH XAl Busyanu3aius omiCTepiH €Ki Herisri
caHaTka Oesyre 0oJaapl.

XAl apkwinw oicacanzan epaghuxmep. Bysl Tocin KiTanmxaHajaplaH allblHFaH CTaHIAPTThHI
rpadukTepal nmaiganaHeiln, MOAENb OODKaMAaphlHA EPEKIICTIKTEPIiH 9CcepiH BU3yalu3alusiIabl,
OyJ1 OKBITYIIBIJIAp MEH 3epTTeyIIIepre KypAeiai MOJAeNnbAepli TYCIHyre KoMeKTecedi. AJbpaIKxu
xoHe Oackanapbl (Anbpamkxu sxkoHe T.0., 2023) Captum wuHTErpauMsyiaHFaH TI'pagUEHTTEPIH
MalagaHbIn, TYCIHIKTEMEIEpe >KEACNIIK JKIKTeMelepiHe 9cep €TETIH KIIT ce3aepll Oenriuienl.
ConbimeH Katap, Baranyi sxone 6ackanapsl (bapanbsu xone 1.0., 2020: 13—19) HaKTHI pakTOpIapIBIH
OITipy BIKTUMAJIIBIFbIHA Kaslaili ocep eTeTiHiH kepcery yiriH SHAP KopweITBIHABI TpaduKTEpiH
naiigamanapl. Kapacteipeutran makananap sci-kit-learn (Puko-Xyan sxone T.6., 2023: 955-969),
TensorFlow (Cysmu xone T1.6., 2023: 345-356) xone PyTorch (Adzaan xone T1.6., 2021:
37-42) 6arnapnamanapbinaarsl XAl KiTanmxaHanapblH NaiiiaaaHbIl )kacaaFaH BU3yalIn3alusIap/IbIH
TYCIHAIPUIETIH MEIiMACP/Il KbUIJaAMbIPaK d3ipJieyre MyMKIHIIK OepeTiHiH KOPCeTTi.

Tenwenzen suzyanuzayusnap. byn tocin XAl HoTHXKeNnepiH KOIKETIMAUTIKTI )KaKcapTy YIIiH
TEHIICH i, OYJI OKBITYIIBIIAp MEH OKYIIBUIAPABIH TYCIHIIPYiH >KeHimgeredl. MeHmec koHE T.0.
(Mennec xone T.6., 2021) epekmienik yjaecTepin KopHeKl Typae HakTeuiay yimiH SHAP mongepine
HETI3[IENITeH JIOHTeNIeK Jauarpammainap skacaabl. JlereHMeH, Oyl OarbITTBI 3€pTTETEH 3epTTeyiiep
a3, OyJ1 OKBITYIIBI MEH OKYIIbIFa BIHFAIIbI BU3yalM3allisl KYpaslJapblH d3ipieyleri aiaakThIKThI
kepcereni. MyHbl mmemy OimiMm Oepy Mekemenepinge XAl omicTepiHiH KODKETIMAUITIH JKOHE
MPAKTUKAJBIK KYHIBUTBIFBIH aPTTHIPYBl MYMKIH.
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Explainable Artificial Intelligence (XAl)
Tycinpipmeni XXacaHabl MHTeNNeKT

Kahanawlk TyciHaipmenep XKeke (nokanenwl) Tycingipmenep
(Global explanations) (Local explanations)

+ SHAP (SHapley Additive exPlanations)
+ Permutation Importance - LIME
« ALE Plots (Accumulated Local Effects) + Integrated Gradients
+ Feature Importance « Counterfactual Explanations (DiCE)

Busyanusauua Tecinpepi
(Visualization techniques)

MKNBIHTBIK / KyW baraHans! Tayenainik TeHwenreH (apHaibl)
AvarpaMmanapsl AvarpaMmanap [AMarpaMManapbl BU3yanvIaunsIap
(Summary / Force plots) (Bar charts) (Dependence plots) (Custom visualizations)

SHAP summary plot, Feature importance PDP [ ALE Panuaniet nuarpamma,
KnacTep MaTpuuacel,
Captum farce plot bar chart curves !
DICE kepi 6aiinansic TakTachi

Cyper 2. Explainable Artificial Intelligence (XAI) omicTepi MeH BU3yanu3anus TCUIACPiHiH
xiktenyi [Classification of Explainable Artificial Intelligence (XAI) methods and visualization
techniques]

3eprreynin  mekteydepi (Limitations). Ocbkl  Kyieni MIONyIbIH  HOTHXENIEPIH
WHTEpIpeTalnsiay Ke3iHae OipHeme oJiCTeMENiK IIeKTeYJIepAl eckepy KaxkeT. bipinmiineH,
onebuerTepal 134y TeK TaHAaJIFaH Heri3ri FeulbiMu aepekkopiaapmer (ACM Digital Library, IEEE
Xplore xone Web of Science) mexrenai. CoHbIMEH Karap, TajijgayFa TEK aFbUIIIBIH TUTIHJETI
OachUIBIMIAp FaHa eHri3uial, Oy Oacka TulaepAeri KyHIbl 3epTTeylepliH ecKepiiMeyiHe
OalmaHbICThl «TUIAIK aybITKyFa» (language bias) ambim kenmyl bIKTMMad. EKiHIIieH, KOCy *oHE
QJIBIN TAaCTay/IbIH KaTaH KpUTEpUIIIEpiHE COKec, IIONyFa IpIKTeNreH 3epTTeyJIep/iH CaHbl MIEKTEY,
Oyl anbplHFaH KOPBITHIHIBUIAPABl KajlbulayFa Oenrun Olp mexkTeynaep Kosabl. TyciHaipMmeni
»acaHael HHTEIEKT (XAl) camachIHBIH ©T€ KapKbIHBI JaMBII KaTKaHBIH €CKEPCEK, 13/1ey MpoIiieci
asKTaJFaHHAH KeHiH apbIK KOPTeH CH jKaHa HeMece MHHOBAIMSIIBIK €HOCKTEp OCHI IIONIyFa eHOeH
Kaimybl MyMKiH. CoHbIMEH Karap, 3eprreyaid Tek STEM jxoHe KOMIBIOTEpITiK FhUIBIMAAP callachlHa
OaFbpITTaJFaH/IBIFb] aJIBIHFAH KOPBITHIHBUIAP/IEI 0aCKa T'yMaHUTApIIBIK HEMECE QNICyMETTIK MoHAepre
TiKeJeH KolIaHy MyMKIH/IT1H IeKTeHIi.

KopbiThinabl. byn kyiieni onebuertik monyna STEM monzaepi MeH KOMIBIOTEPIIiK
FBUIBIMJIAP asChIHAA YiArepiMal Ooipkay MOJENbAEpiH HHTepHpeTanusiay YIIiH TyCiHIipMeni
xacanibl UHTeIeKT (XAl) KypanaapblH KOJIJaHyIbIH Ka31pri xKaFaaibl 3epTTel.

3epTTeyiH HeTi3r1 HOTHXKelepl KeJecie Ty KbIpbIMAAIIbL:

Hepexrep men Oenritepai tangay (RQ1): XKymeictapapiH 6ackiM Oeiri Tikelneld OKBITYIbI
Oackapy okyienepinen (LMS) anbiHFaH aBTOPJIBIK JEPEKTEP JKUBIHTBIFBIHA HET13CNITeH.
CTyaeHTTepIiH MiHE3-KWIBIK YATUIEpI MEH aKaJeMHSUIBIK KOPCETKIIITEepl €H KMl KOJIJaHBUIAThIH
oenrinep O0dBIT TaOBLIAABI, Al OOHKAMHBIH 0AcThl MaKCaThl — YJITEPMEYIIUIIK KayIliH aHBIKTAY.
Konnanemarea 6enriiep i SpTYpIUIir megarortap Yo «Kapa sKoIIiK» MOJENbEPiHiH JIOTUKACHIH
TYCiHyal KubIHAaTazabl, 0y XAl omicTepiH eHrisy KaKeTTUTITiH apTThIpabl.

XAl-ne1  xommany canamapsl  (RQ2): Omictep keOiHece OenriiepaiH xahaHIBIK
MaHBI3IbUIBIFBIH  Taljay, eKe OoipKamMaapAbl TYCIHAIPY JKOHE MeJarorukKajiblK IIemimMaepal
KaObu1ayabpl KojAay YIIiH mHainanansutanel. SHAP oxmici eH kem TapainFaH Kypajl peTiHAe
aHBIKTAJBI, OiIpaK OJI HeTi31HEeH >kahaHbIK JeHTei1e KOMAaHBLIBII, KEKe JKaFaaiiapapl Tajaaayaa
mekTeym Oomnbim oThlp. ConbiMeH Katap, ALE, Anchors sxone DeepLIFT cuskrel omictepnin
onebuerTe Ke3aecneyi Ooamak 3epTTeyiep YIIiH )KaHa MYMKIHIIKTEPAl KOpCceTe/Ii.

AHBIKTaNFaH  ONKbUIBIKTap: XAI-IBl  OKy  KypcTapblH  OKeTiunmipy, OeiimuenreH

57



ISSN (print) 3135-1840  elISSN (online) 3135-1859 Smart Technologies Journal, 2(2) - 2026

BU3yaIIM3alUsIapsl JKacay JKOHE IEepPCOHANIAH/BIPBUIFAH YCHIHBICTAp Oepy VIIIH KoJIaHyaa
alTapiIbIKTall TanmmbLUIBIK Oaiikamanbl. bomxkay mommiri GackIMAbIKKA we OOJIFaH JKaFdaiiia, TEpeH
okbITY (deep learning) Mozmenbaepi IOCTYPIIl AITOPUTMIEPTE KaparaHia *Korapbl THIMIUTIK KOPCETTI.
ATanFaH FBUIBIMHU OJIKBUTBIKTAP/IBI KO0 O11iM Oepyzeri X Al-apIH MpakTHKaIbIK MaHbBI3bIH apTTHIPYFa
MYMKiHIIK Oepeni. byn okpirymbsmapra STEM jkoHe KOMIBIOTEPIIK FBUIBIMAAD CallaChIHIAFbI
CTYICHTTEpIe HEFYPJIBIM THIMII opi iepOec KoJiay KepceTyre KaFaai xacanpl.
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